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Abstract
Prediction of adsorption capacity, one of the most important properties of any adsor-
bent-adsorbate system, is crucial for adsorption studies. In this investigation, two 
approaches such as multilayer perceptron (MLP) and random forest (RF) were used 
to predict the adsorption capacity of hexadecyltrimethyl ammonium modified ben-
tonite to remove chlorobenzene (CB) from aqueous solution. The adsorption study 
was conducted in batch mode at different adsorption parameters. The results show 
that the adsorption processes were best described by Freundlich isotherm model, 
while the adsorption mechanism followed the pseudo-second order kinetics. It was 
observed that the structure of MLP model that give the best prediction consisted 
of three layers: input layer with four neurons, output layer with one neuron, and 
four neurons at hidden layer. The three important parameters for RF model were 
ntree = 500, mtry = 1, and node size = 1. According to the results obtained, the MLP 
model provided slightly higher levels of accuracy with a consistently high coefficient 
of determination (R2 = 0.996) and low root mean square error (RMSE = 0.00101) 
compared to RF model. (R2 = 0.969, RMSE = 0.03008). Therefore, the initial con-
centration of CB with 35.29%, appeared to be the most influential parameter in the 
adsorption of CB on the modified bentonite.

Keywords  Adsorption · Chlorobenzene · Multilayer perceptron network · Random 
forest · Relative importance variables

Symbols
AT	� Equilibrium binding constant
B	� Heat of sorption
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C	� Constant relevant to the thickness of the boundary 
layer

CB	� Chlorobenzene
Ce	� Equilibrium liquid phase concentration of CB 

[mmol/L]
C0	� Initial liquid phase concentrations of CB [mmol/L]
Ij	� Relative importance of the jth input variable on the 

output variable
k1	� Pseudo first order rate constant
k2	� Pseudo second order rate constant
KF	� Freundlich constant [L/g]
KL	� Langmuir isotherm constant
kp	� Rate constant of the intra-particle diffusion model
m	� Mass of the dry adsorbent [mg]
n	� Freundlich exponent (dimensionless)
Nh	� Number of hidden neurons
Ni	� Number of input neurons
qe	� Adsorption capacity at equilibrium [mmol/g]
qm	� The maximum monolayer adsorption capacity 

[mmol/g]
qt	� Amount of CB adsorbed at time t
R	� Universal gas constant [8.314 J/mol K]
T	� Absolute temperature [K]
t	� Time [min]
V	� Volume of the solution [L]
W	� Connection weights
xmax	� Maximum value of variable
xmin	� Minimum value of variable
xnorm	� Normalized value of xi
yi	� Neural network output
yi0	� Target output value
Superscripts ‘ i ’, ‘ h ’ and ‘ o’	� Refer to input, hidden and output layers
Subscripts ‘ k ’, ‘ m’and ‘ n’	� Refer to input, hidden and output neurons

Introduction

Chlorobenzene (CB) is an important raw material in dye, pharmaceutical, pesticide, 
paint, and other organic chemical industry, the discharged wastewater in this kind of 
enterprise often can be detected in high concentration chlorobenzene [1–3]. It has 
raised serious concerns because it is chemically stable, toxic, persistent, and bioac-
cumulative. The wide use of chlorobenzene in numerous industrial applications has 
led to its widespread release into the environment and consequent contamination of 
soil and water resources [4–7].

CB can accumulate in the human body through the food chain, causing many 
diseases such as cancer, teratogenesis, mutagenesis, anaesthetic effects, and can 
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damage the central nervous system [8, 9]. Because CB emissions have a strong 
negative impact on air quality and human health, increasing attention is being 
paid to its elimination. Several technologies have been developed to remove 
the CB from water such as biological treatment [8], pyrolysis [10], and vari-
ous advanced oxidation processes (AOP) [11–15], adsorption process [16], and 
ion exchange [17]. However, the use of these methods is restricted due to the 
high cost [18]. Among the many methods available for the removal of CB from 
water, adsorption has been considered as one of the most economically promising 
techniques due to its ease to operate and most effectiveness [16, 18]. Adsorption 
mechanism is of complex nature and conventional mathematical modelling can-
not be used to fully model and simulate adsorption data. This is because of the 
interaction of many adsorption process parameters, and thus, the resulting rela-
tionships are strongly nonlinear [19–22].

The application of multiple statistical approaches has recently received consider-
able attention in science and engineering. In recent years, several methods such as 
multiple linear regression (MLR) [23], artificial neural network (ANN) [21, 22], the 
adaptive neuro-fuzzy inference system (ANFIS) [24], response surface methodology 
[25], and random forest [26], are applicable for modelling the adsorption process. 
Among these approaches which demonstrated to have the ability to model and pre-
dict the systems with a high degree of complexity were Artificial Neural Network 
(ANN) and Random Forests (RF).

ANNs, inspired by biological nervous processing, are a parallel distribution pro-
cessing method combined of neurons and weights and are based on the principle 
that highly connected system of simple processing elements. They can train com-
plex interrelationships between inputs and outputs variables [27, 28]. Neurons are 
the basic element in ANN, which is linked to neurons in the next layer and there 
forming different types of ANNs. Weight values are gradually corrected during a 
training process to compare predicted outputs to known outputs by using the back-
propagation process to minimize the errors [29].

On the other hand, the random forest (RF), developed by Breiman [30], is an 
approach for classification and regression that works by building a multitude of 
decision trees during learning. Unlike traditional classification and regression trees 
(CART), the RF method is characterized by its bootstrapping and randomized vari-
able selection methods, which reduce the correlation between decision trees, also 
decreasing the variance of the model [16, 23]. When a random forest is used for 
function approximation or regression, it is called Random Forest Regression (RFR) 
or Regression Forests. In RF method, the structure where decision trees are formed 
is called forest. In the random forest, every decision is formed by selecting samples 
from the data set with the bootstrap technique and determining the number of ran-
dom variables determined from all variables at every node [31]. The data not chosen 
to build the tree, defined as out of the bag (OOB) were used to estimate the predic-
tion error [32]. The results of all such trees are subsequently combined and an esti-
mate of target variables is obtained by averaging the individual trees’ outputs.

This method has some advantages over other statistical modelling methods, 
such as the ability to model highly nonlinear dimensional relationships, resistance 
to overfitting, relative robustness concerning the presence of noise in the data, the 
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establishment of an impartial measure of the error rate, and the capacity to deter-
mine the relevance of the variable used [33, 34].

According to our knowledge, the comparison between the ANN and RF has not 
been applied to predict the adsorption capacity of CB on modified bentonite from 
aqueous solution. Therefore, in this study, our prime focus is on two algorithms, 
namely, artificial neural network (ANN) and random forest (RF). Recently, these 
algorithms have become quite popular in machine learning community due to their 
robustness, ability to generalize well on unseen data, ease of use and, implementa-
tion on real-world problems [35, 36]. The main aim of this work is to investigate 
the removal of CB from aqueous solution using HDTMA modified bentonite as an 
adsorbent. Four parameters, namely, contact time, adsorbent dose, initial concen-
tration of adsorbate, and pH, were examined to see how they can affect the perfor-
mance of the adsorption process. Artificial neural network (ANN) and random forest 
regression (RFR) models are used to predict the adsorption capacity of the adsorp-
tion process. The performance of both the ANN and RFR models were compared.

Materials and methods

The experiments were conducted using the natural bentonite from Hammam 
Boughrara (west Algeria) with the following chemical composition: SiO2—69.4%, 
Al2O3—14.7%, Fe2O3—1.2%, MgO—1.1%, CaO—0.3%, Na2O—0.5%, 
K2O—0.8%, TiO2—0.2%, As—0.05% and loss ignition—11% [37]. The cation 
exchange capacity (CEC) was found to be 97 meqg/100 g [38].

Preparation of HDTMA‑bentonite

The sodium exchanged form of the bentonite (Na-bentonite) was prepared from 
Algerian natural bentonite according to the procedure described in our previous 
work [4]. To improve the adsorption capacity of natural bentonite, Na-bentonite has 
been modified with a cationic surfactant hexadecyltrimethylammonium bromide 
(HDTMA). The sodium-exchanged bentonite sample (20  g) previously modified 
using the ion exchange method was stirred magnetically for 48 h at room temper-
ature with 200 mL of HDTMA aqueous solution [4, 39]. The prepared HDTMA-
bentonite was washed with deionized water until a negative bromide test had been 
obtained with 0.1  M AgNO3 (VWR Prolabo-chemical, Spain). It was dried in an 
oven at 65 °C for 24 h before use [40]. All physicochemical characteristics of the 
natural bentonite and the modified HDTMA-bentonite were well studied in our pre-
vious work [41].

Batch adsorption experiments

Chlorobenzene C6H5Cl (CB) was purchased from (Merck Schuchardt, Germany). 
The CB adsorption experiments were carried out by adding various amounts of 
HDTMA-bentonite (20–200 mg) to several CB concentrations (0.05–1 mmol/L) at 
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an initial pH between 2.5 and 12.02 at temperature 25 °C during different contact 
times (0–180 min). The solutions were then shaken at 300 rpm. A UV–visible spec-
trophotometer (Analytik Jena spectrophotometer) was used for the determination of 
CB concentration in the solution at 258 nm. The adsorption capacity of HDTMA-
bentonite was calculated by:

Here C0 and Ce are initial and equilibrium concentrations of CB (mmol/L), V is 
CB solution volume (L), m is the mass of HDTMA-bentonite (g).

Prediction models

In this study, both ANN and RF were employed to predict the adsorption capacity of 
CB on modified bentonite and to identify the main factors controlling the adsorption 
process.

Artificial neural network

ANN is one of the tools which have the capabilities to handle highly nonlinear 
systems. A great advantage of ANN models is that it is not necessary to know the 
mathematical relationships between input and output variables. Instead, they figure 
out these relationships through successive training [42]. Among different kinds of 
neural networks, multilayer perceptron (MLP) feed-forward neural network models 
are commonly applied in various fields of environmental engineering such as waste 
treatment [43], membrane process [44], adsorption [45], advanced oxidation [46].

Fig.  1 presents the proposed network structure. A large number of simple pro-
cessing elements (neurons) are arranged in three layers: the input layer (independent 
variables), output layer (dependent variables), and one or more hidden layer(s) based 
on the complexity of the problem at hand. However, theoretical studies have shown 
that the single hidden layer is sufficient for an ANN to approximate any complex 

(1)qe =

(
C0 − Ce

m

)
V

Fig. 1   Topology of the multilayer perceptron (MLP) network
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nonlinear function [27, 47]. The general expression of MLP network can be given 
as:

Here hij, bj, and f1 are the weight matrix, the bias vector and the activation func-
tion of the hidden layer, and wj, bo, and f2 are the weight vector, the bias scalar, and 
the activation function of the output layer.

Neuron can employ any differentiable activation function to produce their output. 
According to the literature, it has been observed that the tangent sigmoid and hyper-
bolic tangent are the most used as activation functions in hidden layer [28, 44]. In 
this study, the tangent sigmoid transfer function (tansig) at hidden layer and a linear 
transfer function (purelin) at output layer were applied. Levenberg–Marquardt (LM) 
backpropagation was selected for training the designed networks.

The basic topology of the MLP network for predicting the removal of CB on the 
modified bentonite had four inputs corresponding to the batch adsorption process 
variables such as contact time (t), adsorbent dosage (m), initial concentration of 
CB (C0), and pH. The output was the adsorption capacity ( qe ). The total number 
of experimental data obtained from batch adsorption was 38. The data was devided 
into two categories, named the train and test data. Out of the whole number of data, 
about 80% of data equal to 28 was selected as the train set data, and about 20% of 
the data equal to 8 was selected as the test set data.

To ensure that each input variable provides an equal contribution in the MLP 
model, the inputs were scaled into a common numeric range of (− 1, 1) using Eq. 3.

The model performance was evaluated using statistical parameters such as the 
coefficient of determination (R2) and root mean square error calculated by the fol-
lowing Eqs. 4 and 5:

Random forest

Random forest (RF) is a classification and regression method, consisting of a 
combination of tree predictors where each tree is generated using a random vec-
tor sampled independently from the input vectors. When random forest method is 

(2)y = f2

(
N∑

j=1

Wjf1

(
n∑

i=1

hijxi + bj

)
+ b0

)

(3)xnorm = 2
x − xmin

xmax − xmin
− 1

(4)RMSE =

√
1

n

∑n

i=1

(
yi0 − yi

)2

(5)R2 = 1 −

∑n

i=1

�
yi0 − yi

�2

∑n

i=1

�
yi0 − yi

�2
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used for the resolution of function approximation or regression, it is called Ran-
dom Forest Regression (RFR).

The RFR aims to decrease the correlation between the individual trees by 
bootstrapping (resampling with replacement) and randomized variable selection 
method, which results in diminished variance when the trees are aggregated as 
shown in Fig. 2. During the RFR model training, the main parameters that affect 
the estimation ability of random forest are the number of randomly selected vari-
ables used to grow each tree (mtry), the number of trees in the forest (ntree), and 
the minimum number of terminal nodes for each tree (node size) [48, 49]. There 
are certain default values that have been suggested following empirical experi-
ments on various data sets but one can use an optimizing tuning strategy with 
respect to prediction performance to select the most suitable values specifically 
for the data set under study [23].

In order to achieve the robustness and prediction accuracy model we have opti-
mized the values of the parameters mentioned above using the trial-and-error 
method [50].

The formula for the predictions is given in Eq. 6 [22]:

Here y is the response, M is the number of trees after split and T
(
x
′) is a regres-

sion tree output.
The normalization applied to the experimental data for developing the RF 

model was identical to that used in the treatment of data when choosing the struc-
ture of MLP model, considering Eq.  3 and maintaining the same proportion of 
data used in training and testing steps 80% and 20%. The remaining 20% of data 
was used to test the model performance, which was assessed according to Eqs. 4 
and 5.

(6)y =
1

M

M∑

i=1

T
(
x
�)

Fig. 2   Schematic diagram of RF model
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Results and discussion

Adsorption isotherms

Equilibrium adsorption isotherms provide the most important information in 
understanding an adsorption process. Various isotherm models are available in 
the literature to test experimental isotherm values, from which Langmuir, Fre-
undlich, and Temkin models were used to describe the relationship between the 
amount of CB adsorbed and its equilibrium concentration in solutions.

The Langmuir isotherm is based on the statement that adsorption takes place 
only at specific homogenous sites within the adsorbent surface with uniform dis-
tribution of energy level. Once the adsorbate attaches onto the adsorbent site, no 
further adsorption can take place at that site, and consequently the adsorption 
process is monolayer in nature. The non-linear form of the Langmuir equation is 
[41]:

Here qm (mmol/g) is the theoretical maximum monolayer adsorption capacity, 
and KL (L/mmol) is the Langmuir constant related to the energy of adsorption.

The fundamental characteristics of the isotherm of Langmuir can be expressed 
in terms of a dimensionless constant called the separation factor (RL), defined by 
the following equation [51]:

The RL value indicates whether the isotherm is either favorable (0 < RL  < 1), 
unfavorable ( RL > 1), linear ( RL = 1) or irreversible ( RL = 0) [52].

In Freundlich adsorption isotherm, the model assumes a heterogeneous surface 
with a non-uniform distribution of heat of adsorption over the surface. The Fre-
undlich model is expressed as follows [52]:

KF, n are Freundlich constants, with KF (L/g) indicating the sorption capacity and 
n (dimensionless) indicating the favorable nature of the adsorption process. In real-
ity, the Freundlich constant ( n−1) explains the type of isotherm, when ( n−1 > 1) 
the adsorption is unfavorable, ( n−1 = 1) the adsorption is homogeneous and 
( 0 < n−1 < 1) the adsorption is favorable [53].

The Temkin isotherm estimates that the decrease in the heat of adsorption is 
linear and the adsorption occurs through uniform distribution of binding energies 
rather than logarithmically, as implied in Freundlich isotherm. The Temkin iso-
therm is usually used for adsorption systems with heterogeneous surface energy 
(the distribution of adsorption heat is non-uniform). The non-linear form of the 
Temkin equation is represented as [54]:

(7)qe = qm
KLCe

1 + KLCe

(8)RL =
1

1 + KLC0

(9)qe = KFC
1∕n
e
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The regression coefficient of determination, R2 was used as the basis for choos-
ing the best appropriate isotherm for the adsorption process. The results are 
shown in Fig. 3 and Table 1.

The low R2 value for the Temkin model suggests that this model was not 
suitable for describing the equilibrium adsorption data of CB on HDTMA-
bentonite. The isotherm data was found to be more compatible with the Freun-
dlich isotherm with R2 of 0.966 with is higher than R2 of the other adsorption 
isotherms (Table 1). The value RL (0.916–0.355) indicates that the adsorption of 
CB on HDTMA-bentonite is favorable since 0 < RL<1. Moreover, the intensity of 
adsorption, 

(
n−1

)
 was found to be 0.778. This value is less than one, it indicates 

that the adsorption of CB on HDTMA-bentonite is favorable [52]. Langmuir 
monolayer adsorption capacity was found to be 1.301 mmol/g.

(10)qe = Bln(ATCe)

Fig. 3   Adsorption isotherms of CB on HDTMA-bentonite (m = 80  mg, C0 = 0.01–1  mmol/L, 
t = 120 min T = 298 K, agitation speed = 300 rpm)
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Adsorption kinetics

The kinetics of adsorption of CB using modified bentonite has been evaluated. The 
experimental data were examined by pseudo-first order kinetics, pseudo-second-
order kinetics and intraparticle diffusion to understand the dynamics of adsorption 
process.

The non-linear form of the pseudo-first order model [55], also known as the 
Lagergren kinetic equation, describes the quantity of adsorbate on the heterogeneous 
adsorbent surface over time, according to Eq. 11:

The non-linear form of the pseudo second order model is founded on the sup-
position that the rate limiting step may be chemisorption which involves electron 
exchange between the adsorbate and the adsorbent or valence forces by sharing [55]. 
Its expressed by Eq. 12:

The intra-particle diffusion model is plotted by qt vs. t0.5 . If a straight line is 
obtained and passes through the origin, it indicates that the adsorption is controlled 
by intra-particle diffusion, otherwise, the intra-particle diffusion process is not the 
only step to control the adsorption process [33]. The equation is expressed as:

All the constants of these models were estimated by non-linear and linear regres-
sion, and the results are listed in Table 2 and Fig. 4. The pseudo second order kinetic 
model fits well with the adsorption process with a good correlation value. Further, 
the calculated value of equilibrium adsorption capacity using the pseudo second 
order equation is close to the experimentally determined value (0.2143  mmol/g). 

(11)qt =
(
qe − e−k1t

)

(12)qt =
k2q

2
e
t

(
1 + k2qet

)

(13)qt = kpt
0.5 + C

Table 1   Constants and 
determination coefficient of 
isotherms for adsorption of CB 
on HDTMA-bentonite

Isotherms constants Values

Langmuir qmax (mmol/g) 1.301 ± 0.145
kL (L/mmol) 1.813 ± 0.157
RL 0.916–0.355
R2 0.817

Freundlich KF (L/g) 0.276 ± 0.018
1/n 0.778 ± 0.021
R2 0.966

Temkin AT (L/mmol) 34.31 ± 2.631
B 0.339 ± 0.027
R2 0.875
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The mass transfer of adsorbate to the adsorbent is responsible for more than one 
factor, such as pore diffusion, film diffusion, and surface diffusion [54, 56]. The 
influence of such factors is well explained by the intra-particle diffusion model. As 
shown in Fig. 4b, the plots present a linear relationship but did not pass through the 
origin, suggesting that the intraparticle diffusion was not the only rate-controlling 
step and other rate-limiting steps may be involved and affect the adsorption of CB.

Model prediction

The purpose of this work was to test the ability of MLP and RF to model the non-
linear relationship between the inputs and output variables. First, the parameters 
of both MLP and RF models must be optimized to perform the complicated non-
linear mapping between the adsorption capacity and the batch adsorption process 
variables.

For MLP model, the important steps in developing MLP models are to deter-
mine the number of neurons at hidden layer. The performance of MLP networks was 
examined by varying the number of neurons arranged in the hidden layer from one 
to ten. The best structure of MLP model was chosen based on the minimum value of 
RMSE. An MLP with four neurons at hidden layer had the lowest value of RMSE 
(0.00101) as shown in Fig. 5. Moreover, when the number of neurons in the hidden 
layer exceeds 5, the RMSE remains constant. Therefore, the value of 4 for hidden 
neurons is selected as an optimum case.

Fig. 6 illustrates the comparison between experimental data and predicted values 
of adsorption capacity of CB on the modified bentonite using an MLP model, in 
the training and testing steps. The MLP model results shown a high coefficient of 
determination, not only at the training stage (R2 = 0.996) but also at the testing stage 
(R2 = 0.962), which implies that the MLP model fits well the experimental values of 
adsorption capacity.

From the above description of the RF model, it is evident that there are three 
parameters whose values need to be fixed prior namely: ntree, mtry, and size node. 
The range turning parameters and the coefficient of determination R2 obtained as 

Fig. 4   Adsorption kinetics of CB: a pseudo-first order and pseudo second order, b intra-particle diffusion 
model (m = 80 mg, C0 = 0.25 mmol/L, T = 298 K, agitation speed = 300 rpm, t = 15–180 min)
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well as RMSE for training were summarized in Table 3. The results include only the 
values of R2 above 0.90. It can be seen that the increase in the number of trees (ntree) 
between 100 and 1500, there was no significant difference between the lower and 
higher values of R2 and RMSE.

This might be due to the fact that when the number of trees in the forest is 
increased above the optimum, there is a general increase in computational expense, 
but the results do not improve significantly [57]. Generally, a large number of trees 
allows each variable to have a positive impact on the accuracy of random forest fore-
casts and that each variable has a sufficient chance of being included in the forest 
forecasting process [58].

Fig. 5   Variation of RMSE vs number of neurons in hidden layer (Levenberg–Marquardt backpropaga-
tion, tansig transfer function at hidden layer, purelin transfer function at output layer

Fig. 6   Comparison between the experimental data and predicted values of adsorption capacity of CB on 
the modified bentonite using MLP model a training stage, b testing stage (LM backpropagation, tansig 
and purelin transfer functions at hidden and output layer, four neurons at hidden layer)
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As shown in Table 3 the smallest RMSE and the highest R2 values were 0.03008 
and 0.9784. According to results obtained, the parameters were selected with values 
of ntree = 500, mtry = 1, and node size = 1.

The comparison between the RF model results and the experimental data for both 
training and testing stages are depicted in Fig. 7. It was observed that in both stages 
the coefficient of determination is 0.969 and 0.94. These results confirm that the RF 
model succeeded in the prediction of the adsorption capacity of CB using the modi-
fied bentonite.

Both MLP and RF models were very accurate with high R2 values, all above 96%. 
However, the MLP model showed slightly better than RF based on the determination 
coefficient and root mean square error values. Similar results were obtained for the 
adsorption of the methyl violet and Rhodamine 6G on magnetic walnut shell, and 

Table 3   Evaluation of tuning 
parameters of RF model

ntrees mtry Node size R2 RMSE

100 1 1 0.9689 0.03607
4 1 0.9688 0.03614

200 1 1 0.9771 0.03100
2 1 0.9770 0.03104
4 1 0.9770 0.03105

300 2 1 0.9750 0.03222
4 1 0.9750 0.03233

500 1 1 0.9784 0.03008
2 1 0.9784 0.03010
4 1 0.9783 0.03011

1000 1 1 0.9772 0.03091
2 1 0.9772 0.03093

1500 1 1 0.9771 0.03094
2 1 0.9771 0.03095
4 1 0.9771 0.03096

Fig. 7   Comparison between the experimental data and predicted values of adsorption capacity of CB on 
the modified bentonite using RF model a training stage, b testing stage (ntree = 500, mtry = 1, and node 
size = 1)
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adsorption of safranin-O and methyl violet dyes onto modified pince cone powder 
[59, 60]

Effect of contact time

The effect of the contact time on the adsorption capacity of CB using the modified 
bentonite can be seen in Fig. 8. It has been observed that the adsorption capacity of 
CB increases with increasing time and reaches a maximum value at the equilibrium 
time (120 min), and thereafter it remains constant. So, 120 min was selected as the 
optimal contact time for subsequent experiments. In addition, the optimized MLP 
and RF models were applied to predict the effect of contact time on CB removal by 
the modified bentonite. Fig. 8 clearly portrays that the predicted adsorption capacity 
values were in strong coherence with those of experimental data. This justified that 
both models were able to predict the influence of contact time with a high degree of 
coherency. For MLP model it is clear that the estimation of adsorption capacity of 
CB is more satisfactory than RF model.

Effect of the adsorbent dose

The influence of adsorbent dose on adsorption capacity of CB (0.25  mmol/L) 
was studied in the range of 20–200 mg and shown in Fig. 9. From this figure, it 
was observed that the adsorption capacity was higher when its adsorbent dose 
was lower. An increase of adsorbent dose above 60  mg does not change the 
CB removal percentage (68.8%). This may be explained by the saturation point 

Fig. 8   Effect of contact time on CB removal by the modified bentonite (black markers: m = 80  mg 
C0 = 0.25 mmol/L, t = 120 min, pH 6.75, agitation speed = 300 rpm, green markers: LM backpropagation, 
tansig and purelin transfer functions at hidden and output layer, 4 neurons at hidden layer, red markers: 
ntree = 500, mtry = 1, and node size = 1). (Color figure online)
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reached when the adsorbent dosage is increased; hence no further CB adsorption 
takes place. These results visibly indicate that the adsorbent dose must be fixed at 
80 mg which is the adsorbent dose that corresponds to the minimum amount of 
adsorbent that leads to constant CB removal percentage. The estimated adsorp-
tion capacity of CB obtained with MLP model and RF model are given also in 
Fig.  9. According to this data, it can be observed that the predictions of both 
models have a good agreement with the experimental data. The curves generated 
by both MLP and RF models are “noisy”, but are much closer to the experimen-
tal data. This behavior is probably due to nosier dataset. The accuracy of MLP 
model is higher than the second model used.

Effect of initial adsorbate concentration

Fig.  10 shows the influence of initial CB concentration on adsorption capacity 
in the range of 0.05–1 mmol/g. This comportment may be attributed to the fact 
that increasing concentration provides an increasing driving force to overcome 
all mass transfer resistances of the CB molecules between the aqueous and solid 
phases, leading to an increased equilibrium uptake capacity until adsorbent satu-
ration is achieved [61].

The predicted data generated by both MLP and RF models faithfully followed 
experimental data in the range of initial CB concentration. The simulation results 
indicated that MLP approach provides more accurate prediction in comparison 
with RF approach.

Fig. 9   Effect of adsorbent dose on CB removal by the modified bentonite (black markers: 
C0 = 0.25 mmol/L, t = 120 min, pH = 6.75, agitation speed = 300 rpm, green markers: LM backpropaga-
tion, tansig and purelin transfer functions at hidden and output layery, four neurons at hidden layer, red 
markers: ntree = 500, mtry = 1, and node size = 1). (Color figure online)
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Effect of pH

The pH of solution is one of the most crucial parameters for the adsorption pro-
cess which can affect the surface proprieties of the adsorbent [62]. The experi-
ments were carried out at various pH from 2.5 to 12.02. The effect of pH on 
the adsorption capacity of CB is illustrated in Fig.  11. It can be noted that the 
amounts uptake was increased from 2.5 to 8.14 and reached the maximum 
adsorption capacity of 0.2310  mmol/g at pH 8.14 and then declined after pH 
8.14. This may be due to a very high dependence between the adsorption pro-
cess and pH [40, 62]. Meanwhile, Fig. 11 shows the comparison between the pre-
dicted adsorption capacity generated by MLP and RF models at different pH. It 
was found that the two models give a satisfactory performance on the prediction 
of the experimental data when pH is below 6.8. The RF model was able to predict 
the adsorption capacity of CB with reasonable accuracy with slightly underesti-
mation values at pH 8.14 and 10.09.

Fig. 10   Effect of initial concentration on CB removal by the modified bentonite bentonite (black mark-
ers: m = 80 mg, t = 120 min, pH 6.75, agitation speed = 300  rpm, green markers: LM backpropagation, 
tansig and purelin transfer functions at hidden and output layer, four neurons at hidden layer, red mark-
ers: ntree = 500, mtry = 1, and node size = 1). (Color figure online)
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Relative importance in inputs variables

The relative importance of different input variables on the adsorption capacity 
was determined based on the MLP model which is a slightly better approach than 
the RF model in this work. The level of each input variables corresponding to 
predict output variable can be obtained through the neural weight matrix listed 

Fig. 11   Effect of pH on CB removal by the modified bentonite (black markers: m = 80  mg, 
C0 = 0.25  mmol/L, t = 120  min, agitation speed = 300  rpm, green markers: LM backpropagation, tan-
sig and purelin transfer functions at hidden and output layer, four neurons at hidden layer, red markers: 
ntree = 500, mtry = 1, and node size = 1). (Color figure online)

Table 4   Matrix weights: W1:weights between input and hidden layers, W2: weights between hidden and 
output layers

Neurons W1 Neurons W2

Variables Bias Weights

Time Adsorbent dose Adsorbate 
concentration

pH

1 1.5716 2.1113 − 2.2640 − 0.5405 0.2296 1 0.9888
2  − 0.0760 1.1622 − 1.8995 − 1.8605 0.7576 2 1.6392
3 1.1583 − 2.0112 2.5512 0.3556 1.8471 3 2.7202
4 0.4991 − 1.1680 − 1.1095 − 0.8956 0.3905 4

Bias
4.3917
− 0.2453



1 3

Reaction Kinetics, Mechanisms and Catalysis	

in Table  4. Garson proposed an equation based on partitioning of connection 
weights [63]:

The relative importance variables calculated by Eq. 14 are depicted in Fig. 12. As 
can be seen, all the values of relative importance for parameters were above 10%, 
indicating that all of variables had strong effects on the adsorption capacity. The 
initial concentration of CB and the dose of adsorbent with relative importance of 
35.29% and 30.80% appeared to be more influential parameters in the adsorption 
capacity of CB on the modified bentonite, followed by pH and time with the relative 
importance of 19.74% and 14.17%. Several studies have reached similar conclusions 
but with a differentiation in the order of the importance of the variables [64–66]. 
It seems that the most influential variable depended upon the experimental ranges 
adopted in the fitting model.

Conclusion

In this study we presented an application of two modelling techniques, that is, 
the MLP and RF, to model the adsorption process for predicting the adsorption 
capacity of CB using HDTMA-bentonite as an adsorbent. We first conduct the 
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Fig. 12   Relative importance (%) of the input variables on the value of adsorption capacity of CB (the 
results were obtained from Eq. 13 using the neural weight matrix listed in Table 4)
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adsorption study of CB onto HDTMA-bentonite in batch mode at different oper-
ating parameters. To construct our forecast models, we split the collected adsorp-
tion data into a training set and a test set. Based on the results of our investi-
gation, we conclude that both multilayer perceptron network and random forest 
can be used successfully to predict the adsorption capacity of chlorobenzene onto 
HDTMA-bentonite. Also, the comparison of the results of the MLP model with 
four neurons at the hidden layer and RF model indicates that the MLP model 
predicted the adsorption capacity of CB with more accuracy than the RF model 
in terms of R2 and RMSE. The relative importance investigation showed that all 
of the studied parameters (contact time, adsorbent dose, initial concentration of 
CB, and pH) have a significant influence on the adsorption process; however, the 
effect of initial concentration of CB with a relative importance of 35.29% is the 
most influential on the adsorption capacity of CB using HDTMA-bentonite.
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