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ABSTRACT

One of the most popular methods for reducing the presence of extremely toxic compounds in wastewater is the
reverse osmosis (RO) process. The purpose of this research was to examine the prosperity of different machine
learning (ML) techniques based optimisation for the removal of chlorophenol from wastewater using a single
module of RO process. The main intention was to predict the optimal operating conditions that would introduce a
maximum chlorophenol rejection using different ML techniques (the Linear Regression, Ridge, Lasso, Decision
Tree, Random Forest, Gradient Boosting, SVR, XGBoost, and Neural Networks) based on available experimen-
tal data. The performance of the developed models was evaluated using root mean square error (RMSE), mean
absolute error (MAE), coefficient of determination (R?), and cross-validation. The results demonstrated that the
Gradient Boosting algorithm can achieve the best performance in predicting chlorophenol removal, followed by
the XGBoost algorithm. However, neural networks performed the worst. The results show that feed concentra-
tion and pressure are the essential operating conditions that can dominate the rejection rate of chlorophenol. More
importantly, it was concluded that feed pressure of 12.76 atm, feed concentration of 5079.05 kmol/m?, wastewater
temperature of 31.11 °C, and feed flowrate of 2.36 x 10 m*/s are the optimal conditions to attain the maximum

chlorophenol rejection of 82.37%.
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INTRODUCTION

A wide range of chemical industry effluents
contain micro-pollutants, including common
ones like phenolic compounds, particularly the
highly toxic chlorophenol. These compounds are
present in wastes from pharmaceutical, refinery,
and petrochemical operations [1,2]. Unfortu-
nately, its negative effects on the environment
in general and on human health in particular, are
undeniable, even at very low concentrations [3].
Consequently, numerous regulatory bodies have
strictly limited the release of phenolic wastewa-
ter without adequate treatment. As an example,
the permissible level for phenol in surface water
was set at 0.5 ppm, according to the standards
of Japan Environmental Governing [4]. Also,

the recycling of wastewater for reuse should
not have any phenolic substances. To success-
fully attain these restrictions, various treatment
techniques were created to reduce these com-
pounds across numerous industrial sectors. For
instance, membrane and extraction processes,
distillation, adsorption, oxidation are primitive
and famous methods utilised to eliminate pheno-
lic substances from wastewater [5]. Membrane
filtration, particularly the RO method, has been
widely employed for removing a broad spectrum
of organic contaminants, with notable effective-
ness against phenolic compounds [6].

RO process is basically a semi-permeable
membrane designed to reject dissolved organ-
ic contaminants such as 2,4-dichlorophenol
and pentachlorophenol. Numerous laboratory
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investigations were conducted to eliminate phe-
nol, chlorophenol, and dimethylphenol from
simulated industrial effluent, which verified the
viability of a pilot-scale RO system [7-9].

The prediction of organic compounds remov-
al from wastewater using ML models is a rap-
idly evolving field where developed models
demonstrated significant potential. These mod-
els can analyse complex, non-linear relation-
ships between operational parameters (like pres-
sure, pH, temperature, and feed concentration)
and the removal efficiency. Common methods
involve Artificial Neural Networks, Support Vec-
tor Machines, and Random Forest, they are often
employed to forecast system performance with
high accuracy, optimising the process and reduc-
ing experimental costs [10,11].

Accurate prediction of the effluent charac-
teristics, released from wastewater treatment
plants (WWTPs), is essential to lowering labour,
expenses, sample needs, and environmental
contamination. ML methods can be efficient in
achieving this goal. Gholizadeh et al. [7] aimed
to investigate the impact of six feature selection
(FS) approaches on the performance of three ML
techniques for predicting total suspended solids
(TSS). The methods used included defining five
scenarios based on FS results and applying ANN-
MLP, KNN, and AdaBoost algorithms. Using
K-fold cross-validation approach, the dataset was
divided into training and testing sets. The results
showed the most effective case was IV case using
Sequential Backward Selection. The ANN-MLP
algorithm proved the most effective with high R?
values (0.78 training, 0.8 testing). Warren-Vega
et al. [8] attempted to treat piggery wastewater
using Fenton and solar photo-Fenton processes.
The methods used involved a laboratory-scale
Taguchi experimental design to determine opti-
mal parameters of (pH, time, [H,0O,], [Fe*']), fol-
lowed by a cascade forward neural network to
model the data. The results showed high removal
efficiencies (97.89% colour) under optimal condi-
tions. The neural network achieved an excellent
R? 0f 0.99, enabling accurate prediction for scal-
ing up the process.

Magsood et al. [9] explored the growing
use of advanced computational models. The
aim was to review their application. Methods
used include decision trees, artificial neural net-
works, long short-term memory, fuzzy logic,
internet of things, and recurrent neural networks.
These methods were studied for optimising key

352

indicators like biochemical oxygen demand. The
results showed that these models can improve
efficiency and monitoring. However, challenges
like data access and reproducibility still remain.
Hybrid models combining approaches showed
better performance.

Wang et al. [12] intended to develop a math-
ematical model frame for optimising RO perfor-
mance in brackish waters applying response sur-
face methodology RSM and ANN methods. The
used methods were RSM based on 15 experimen-
tal datasets and a Genetic Algorithm optimised
ANN with a 3-10-4 structure trained on 70%
training data. The results showed that the accura-
cy of ANN technique is higher than RSM with R?
of 0.9936 for performance index and 0.9932 for
specific energy consumption and a low RMSE. A
two-step optimisation method combining RSM
and ANN was used to propose the best process
conditions for particular feed TDS scenarios.

Ahmad et al. [13] reviewed the application
of ML in membrane desalination for optimisa-
tion. The methods used include analysing tech-
niques like ANNs, SVMs, and RF applied to sys-
tems such as RO and forward osmosis (FO). The
results demonstrate that ML models, particularly
ANNSs, can enhance the performance prediction
and fouling mitigation by correlating operational
parameters with efficiency.

Al-Obaidi et al. [14] focused on enhancing
the efficiency of RO process for the removal of
dimethylphenol from wastewater using response
surface methodology (RSM). The researchers
developed a vigorous forecasting model based
on actual experimental data. The model inspected
main operational parameters of feed pressure,
concentration temperature, and feed flow rate
to evaluate their effect on the effectiveness of
dimethylphenol removal. Particularly, the results
introduced that feed pressure and concentration
can positively affect dimethylphenol removal
rate, in contrast to a detrimental effect on feed
flow rate and water temperature. Statistically, the
analysis of variance emphasised by an impres-
sive F-value of 240.38, highlighted the note-
worthy role of feed pressure and concentration
in the dimethylphenol rejection. Also, the model
revealed a high-predictive precision, verified by
an R? value of 0.9772, ascertaining the reliability
of the developed RSM model.

The current research intended to investigate
optimal conditions of a single module of RO pro-
cess for efficient removal of chlorophenol from
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wastewater by deploying various ML techniques
relied on collected experimental data from the pre-
vious studies. The research aimed at identifying
the optimal operational conditions to maximise
chlorophenol rejection by assessing and compar-
ing the performance of various ML models like
Linear Regression, Ridge, Lasso, Decision Tree,
Random Forest, Gradient Boosting, Support Vec-
tor Regression (SVR), XGBoost, and Neural Net-
works. The importance of this research lies in its
potential industrial implications. First, improving
the efficiency of wastewater treatment processes
is vital as toxic compounds such as chlorophe-
nol pose serious environmental and health risks.
Second, the gained visions from this research can
help decision-makers to adopt superior data-driv-
en techniques for process optimisation, leading to
better agreement with environmental guidelines
besides developing more sustainable wastewa-
ter management solutions. Third, this research
not only contribute to the progression of green-
er technologies in the chemical and processing
industries but also resolve public health concerns
due to toxic pollutants.

MATERIAL AND METHOD

The dataset

A laboratory standard pilot scale cross flow
RO treatment unit was employed by Sundar-
amoorthy et al. [15] for the removal of chloro-
phenol from wastewater at a set of variable inlet
conditions. The RO setup utilised a commercial
thin film composite polyamide membrane with
an effective area of 7.845 m?, which was housed

Table 1. Specification of RO module [15]

inside a spiral wound membrane module. The
module’s specifications are provided in Table 1.
Figure 1 displays a schematic representation
of the RO process. A feed tank containing waste-
water supplies the RO module via a high-pressure
pump, which can achieve pressures up to 20 atm.
Chlorophenol solutions were produced at vari-
able concentrations, ranging between 0.778 x 103
to 6.226 x 107 kmol/m*. Additional operating
parameters, such as flow rate and pressure were
adjusted across ranges of 2.166 x 10 to 2.583 x
10*m?/s and 5.83 to 13.58 atm, respectively, for
each particular rate of feed flow. The treatment
occurred at operating temperatures between 29.5
°C and 32.5 °C. Sundaramoorthy et al. [15] uti-
lised 70 sets of comprehensive experimental data
as provided in Table 2. The data comprise the feed
flowrate (Fb), feed pressure (Pb), inlet water tem-
perature (Tb), feed chlorophenol concentration
(Cb), and overall chlorophenol rejection (Rej).

Methodology

The objective of this research was to investi-
gate optimum chlorophenol removal from waste-
water based on an integrated unit of RO process
via machine learning. The target was to predict
the rejection rate and identify optimal associated
operating conditions. The methodology follows a
comprehensive machine learning pipeline:

Data loading and exploration

This step loads experimental data with fea-
tures like feed pressure, temperature, concen-
tration, and flow rate. Exploratory data analysis
was performed, including correlation matrices,

Property

Value

Maker and configuration

lon Exchange, India Ltd., TFC Polyamide, spiral wound

Feed (t) and permeate (tp) channel thickness

0.8 (mm) and 0.5 (mm)

Membrane length (L) and width (W)

93.4 (cm) and 840 (cm)

Membrane volume

6.2764 x 103 m?®

Effective membrane area (A) 7.845 m?
Module diameter 8.25 (cm)
Maximum feed temperature (°C) 40
Maximum feed pressure (atm) 24.771
Maximum pressure drop per element (atm) 1.381

Maximum and minimum feed flow rate (m?/s)

1x10%—-1x103

Permeate pressure (atm)

1
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Figure 1. An illustration of RO process (taken from [15])

distribution plots. Table 3 shows samples of the
used dataset, while Table 4 introduces the statisti-
cal information of dataset.

Figure 2 depicts the correlation matrix of
inlet variables and the performance indicator of
chlorophenol rejection. The correlation matrix
is characterised in a colour-coded format where
colour intensity specifies the strength of the
correlation. Dark red values indicate a robust
positive correlation (close to +1), while light
colours or blue shades specify weak or negative
correlations (close to 0 or negative values). The
correlation matrix in Figure 2 shows relation-
ships between operating variables. P (atm) has
a moderate positive correlation with Rej (0.38)
and negligible correlations with all other vari-
ables. Tb (°C) has moderate positive correla-
tions with Cb (0.28) and Rej (0.37) and a weak
negative correlation with Fb (-0.25). Cb (kmol/
m?) has a very strong positive correlation with
Rej (0.86) and moderate positive correlations
with Tb (0.28). Fb (m3/s x1001) has a negligible
correlation with the other variables. Rej (%) has
a very strong positive correlation with Cb (0.86)
and moderate positive correlations with P (0.38),
and Tb (0.37).

The data distribution of each feature in the
dataset is shown in Figure 3. The distribution of
each feature against the target feature “chlorophe-
nol rejection (Rej).” is shown in Figure 4.
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Data preprocessing

Data preprocessing involved splitting the data
into training (56 samples) and test sets (14 sam-
ples). The processes of normalisation and stand-
ardisation utilise techniques to scale numerical
data to a uniform range. Normalisation transforms
values into a 0 to 1 interval, while standardisation
adjusts them to possess a mean of 0 and a stand-
ard deviation of 1. These methods enhance the
convergence of optimisation models and ensure
feature comparability. Converting Categorical
Data: Since most machine learning models need
numerical data, categorical variables must be
converted. Approaches like one-hot encoding,
label encoding, and target encoding are employed
to change categorical information into a numeri-
cal form suitable for algorithms [12]. This study
applied standard scaling to the features.

Model training and evaluation

This step trains multiple regression models
including Linear Regression, Ridge, Lasso, Deci-
sion Tree, Random Forest, Gradient Boosting,
SVR, XGBoost, and Neural Networks. The mod-
els were evaluated using RMSE, MAE, R?, and
cross-validation. Linear Regression models the
relationship between features and a target varia-
ble using a linear approach. Ridge Regression is a
regularised linear model that prevents overfitting
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Table 2. Experimental data collection [15]

Exp. Pb Tb Cb Fb Rej Exp. Pb Tb | Cb (kmol/m* Fb Rej
No. (atm) | (°C) | (kmol/m*x10%) | (m%s x10%) | (%) No. (atm) (°C) x10°) (m3/s x10%) (%)
1 5.83 30 0.778 2.166 56.7 36 5.83 31 2.335 2.33 68.7
2 7.77 30 0.778 2.166 59.3 37 7.77 31 2.335 2.33 70
3 9.71 30 0.778 2.166 61.4 38 9.71 31 2.335 2.33 71.4
4 11.64 30 0.778 2.166 63.8 39 11.64 31 2.335 2.33 72.9
5 13.58 30 0.778 2.166 66.2 40 13.58 31 2.335 2.33 74.4
6 5.83 32 1.556 2.166 61.9 41 5.83 31 6.226 2.33 745
7 7.77 32 1.556 2.166 63.9 42 7.77 31 6.226 2.33 76.6
8 9.71 32 1.556 2.166 65.9 43 9.71 31 6.226 2.33 79.8
9 11.64 32 1.556 2.166 67.9 44 11.64 31 6.226 2.33 81.2
10 13.58 32 1556 2.166 70 45 13.58 31 6.226 2.33 82.2
1 5.83 32 2.335 2.166 65.6 46 5.83 29.5 0.778 2.58 57.8
12 7.77 32 2.335 2.166 66.8 47 7.77 29.5 0.778 2.58 60.6
13 9.71 32 2.335 2.166 68.4 48 9.71 29.5 0.778 2.58 62.8
14 11.64 32 2.335 2.166 69.6 49 11.64 | 29.5 0.778 2.58 64.3
15 13.58 32 2.335 2.166 711 50 13.58 | 29.5 0.778 2.58 66.3
16 5.83 32 3.891 2.166 70.7 51 5.83 31 1.556 2.58 65.2
17 7.77 32 3.891 2.166 72.3 52 7.77 31 1.556 2.58 67.5
18 9.71 32 3.891 2.166 7.7 53 9.71 31 1.556 2.58 69.7
19 11.64 32 3.891 2.166 74.8 54 11.64 31 1.556 2.58 71.2
20 13.58 32 3.891 2.166 76.4 55 13.58 31 1.556 2.58 725
21 5.83 31 6.226 2.166 75.5 56 5.83 31 2.335 2.58 69.9
22 7.77 31 6.226 2.166 76.7 57 7.77 31 2.335 2.58 7.7
23 9.71 31 6.226 2.166 79.8 58 9.71 31 2.335 2.58 72.8
24 11.64 31 6.226 2.166 81 59 11.64 31 2.335 2.58 74.2
25 13.58 31 6.226 2.166 81.9 60 13.58 31 2.335 2.58 75.7
26 5.83 30 0.778 2.33 56.2 61 5.83 32 3.891 2.58 7.7
27 7.77 30 0.778 2.33 58.1 62 7.77 32 3.891 2.58 72.8
28 9.71 30 0.778 2.33 60.3 63 9.71 32 3.891 2.58 75.0
29 11.64 30 0.778 2.33 62.4 64 11.64 32 3.891 2.58 76.1
30 13.58 30 0.778 2.33 64.5 65 13.58 32 3.891 2.58 774
31 5.83 32 1.556 2.33 62.9 66 5.83 31 6.226 2.58 72.6
32 7.77 32 1.556 2.33 64.6 67 7.77 31 6.226 2.58 77.8
33 9.71 32 1.556 2.33 66.4 68 9.71 31 6.226 2.58 79.4
34 11.64 32 1.556 2.33 68.6 69 11.64 31 6.226 2.58 81.5
35 13.58 32 1.556 2.33 70.4 70 13.58 31 6.226 2.58 83.0

by adding L2 penalty. Lasso Regression uses L1
regularisation for feature selection and can yield
sparse models. Decision Tree splits data into sub-
sets based on feature values to make predictions.
Random Forest is an ensemble of decision trees
that improves accuracy and reduces overfitting.
Gradient Boosting builds models sequentially
where each tree corrects errors of the previous
one. SVR finds a hyperplane to predict continu-
ous values with maximum margin. XGBoost is

an optimised gradient boosting system known for
its speed and performance. Neural Networks use
interconnected layers of neurons to learn complex
non-linear patterns [13—16].

RMSE measures the square root of the aver-
age squared differences between predicted and
actual values. It is given by Equation 1. RMSE
is sensitive to large errors, because it squares the
differences before averaging. A lower RMSE
indicates better model accuracy [17].
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Table 3. Dataset samples

Exp. No. Pb (atm) Tb (°C) Cb (kmol/m? x10%) Fb (m®/s x10%) Rej (%)
1 5.83 30 0.778 2.166 56.7
2 7.77 30 0.778 2.166 59.3
3 9.71 30 0.778 2.166 61.4
4 11.64 30 0.778 2.166 63.8
5 13.58 30 0.778 2.166 66.2
Table 4. Statistical information of dataset
Parameter Pb (atm) Tb (°C) Cb (kmol/m? x10%) Fb (m®s x10%) Rej (%)
count 70 70 0.70 0.70 70
mean 9.706 31.1071 2.8905 2.3607 70.2128
std 2.7591 0.8115 0.9970 0.1772 6.7796
min 5.83 29.5 0.778 2.166 56.2
25% 7.77 31.0 1.556 2.166 65.3
50% 9.71 31.0 2.335 2.33 70.55
75% 11.64 32.0 3.891 2.58 74.95
max 13.58 32.0 6.226 2.58 3.0
£
g
E
g
e
£
E
8
g
g
g

Exp. No.

Pb (atm)

Th (°C)

Chb (kmol/m?) Fb (m3/s x1000)

Rej (%)

Figure 2. The correlation matrix of variables

by Equation 2. MAE is more robust to outliers than
RMSE, because it does not square the errors. A
lower MAE signifies better model performance.

N
1
RMSE = N Z(}’i — 9:)? (D
i=1

MAE measures the average absolute differences
between predicted and actual values. It is calculated

N
1
MAE = NZD&' — ¥l ()
1=
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Distribution of Rejection Percentage
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Figure 3. Data distribution of dataset features

R2 measures the proportion of the variance in
the dependent variable that is predictable from
the independent variables. It is defined by Equa-
tion 3. R? 1s between 0 to 1, where 1 denotes
perfect prediction. A higher R? value indicates
a better fit.

X0 —9)?
2 —¥)?
where: y, is actual value of the i" sample,y, is
predicted value of the i sample gener-

ated by the forecasting model, y, is the

mean of all actual values, and N is Total
number of samples.

R*=1 )

Hyper-parameter tuning

Hyper-parameter tuning is a crucial step
in machine learning model development that
involves finding the optimal set of hyper-param-
eters for a given algorithm GridSearchCV is a
popular technique for this purpose. It works by
exhaustively searching through a specified subset
of hyper-parameters and evaluating each combi-
nation using cross-validation.

The process involves defining a parameter grid
which is a dictionary where keys are the hyper-pa-
rameter names and values are lists of settings to try.
For example for a Random Forest the grid might
include n_estimators [50 100 200] max_depth
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Rejection % vs Pb (atm)
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Figure 4. Distribution of each feature against the target feature

[None 10 20] and min_samples split [2 5 10]
GridSearchCV then trains and evaluates a model
for every possible combination of these values.

The main advantage of GridSearchCV is its
thoroughness it is guaranteed to find the best com-
bination within the provided grid. However it can
be computationally expensive, especially with a
large parameter space The best parameters and
the best cross-validation score can be accessed
after fitting via the best params_ and best_score
attributes, respectively [18,19].

Feature importance analysis

This step identifies the most influential fea-
tures on the rejection percentage. The process of
eliminating the least relevant attributes from a
dataset before applying machine learning meth-
ods to improve model efficiency is called fea-
ture selection. Excessive irrelevant features can
lengthen training duration and raise the likelihood
of overfitting. Feature selection picks smaller
groups of attributes without compromising pre-
dictive performance. It aims to reduce dimension-
ality by discarding redundant and non-informa-
tive variables. Its objective is to remove unrelated
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characteristics to increase precision. Typically,
feature selection operates by computing a metric
for every attribute and selecting those with the
best ratings. A minimum score can be established
as a cutoff. The techniques for feature selection
are commonly grouped into three types: filter
methods based on statistical scores, wrapper
methods that perform feature subset searches, and
embedded methods that integrate feature choice
during model training [20-22].

Finally, creating an optimisation surface to
find the best operating conditions for maximum
rejection and conducting a sensitivity analysis to
understand the impact of each parameter. Then,
saving the best trained model for future use.

RESULTS AND DISCUSSION

The Sundaramoorthy dataset incorporated
various input parameters of the b, Pb, Tb, Cb,
and response parameter of chlorophenol Rej.
Seventy data points from this dataset were used
by various machine learning techniques and opti-
misation methods. In this dataset, 80% of the
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input data is used for training, and the remaining
20% is used for testing.

The results shown in Table 5 and Figure
5 reveal that the Gradient Boosting algorithm
achieved the best performance in predicting chlo-
rophenol removal, followed by the XGBoost
algorithm. Neural networks, on the other hand,
recorded the worst performance, with a negative
R? value indicating a significant unsuitability
between the model and the data. It is noteworthy
that machine learning models, such as Gradient
Boosting and XGBoost, demonstrated high pre-
diction accuracy based on input factors (temper-
ature, concentration, pressure, and flow rate), as
evidenced by the low RMSE and MAE values
and R? close to one. The table also shows that the
performance of these algorithms remained sta-
ble during cross-sectional verification (CV), as

Table 5. The performance metrics of ML techniques

evidenced by the CV R? values with a relatively
low standard deviation, confirming the robustness
of these models.

When assessing the importance of features on
prediction performance, the results demonstrated
as shown in Table 6 and Figure 6 that the most
important feature is Cb with 0.773, Pb is the sec-
ond most important feature, while temperature
and flow rate are less influential. The associated
results show concentration dominates the model’s
predictions significantly.

Figure 7 (the left part) demonstrates the actu-
al and predicted rejection percentage. It is observ-
able from this figure that points seem to closely
cluster along a diagonal line, indicating a high
degree of agreement between the data and the
model’s predictions. This suggests that, for this
dataset, the model has good predictive accuracy.

Model RMSE MAE R? CV R?Mean CV R? Std
Gradient boosting 0.805690 0.657650 0.985633 0.969554 0.015233
XGBoost 0.960817 0.807506 0.979569 0.946920 0.014165
Ridge regression 1.250577 1.092827 0.965387 0.906605 0.031382
Linear regression 1.254757 1.064630 0.965155 0.910361 0.021730
Random forest 1.476845 1.248643 0.951729 0.938224 0.021532
Lasso regression 1.920516 1.301985 0.918370 0.848812 0.043266
Decision tree 2.030130 1.557143 0.908785 0.890561 0.036227
Support vector regression 4.411005 3.211346 0.569383 0.628199 0.047602
Neural network 9.027496 6.636322 -0.803645 -0.984923 0.696084
Model Performance (R? Score) Model Performance (RMSE)
Gradient Boosting _ Gradient Boosting -
Ridge Regression _ Ridge Regression -
Linear Regression _ Linear Regression -
Random Forest _ Random Forest -
Lasso Regression _ Lasso Regression -
Decision Tree _ Decision Tree -
Support Vector Regression Support Vector Regression _
Neural Network Neural Network _
0800 0825 0850 0875 0800 0925 0950 0975 1.000 0 2 4 6 8
Rz Score RMSE
Cross-Validation Performance
Gradient Boosting :
XGBoost |
Random Forest [:—
Linear Regression :-
Ridge Regression [::
Decision Tree :—
Lasso Regression :::—
Support Vector Regression :—
Neural Network :

-15 -1.0 0.5 0.0

Cross-Validated R?

Figure 5. Performance metrics of ML techniques
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Table 6. Feature importance

Cb (kmol/m?) 0.773104
Pb (atm) 0.130159
Tb (°C) 0.077735
Fb (m?/s x10) 0.019002

On the other hand, the right part of Figure 7 is
residual plot which shows the prediction errors.
The residuals are randomly scattered around zero
without forming any clear patterns. This random
scatter is ideal and suggests that the model’s
assumptions are likely met, meaning it is equally
accurate across the range of predicted values and
that there is no systematic error.

The results of Figure 8 show that the opti-
mal conditions to achieve the maximum pre-
dicted rejection of 82.37%. These ideal param-
eters are a pressure of 12.76 atm, a very high
concentration of 5079.05 kmol/m3, a moderate
temperature of 31.11 °C, and a low flowrate of
2.36 x 10* m?¥/s.

Performing a one-at-a-time sensitivity analy-
sis involves systematically varying each input
feature (Pressure, Concentration, Temperature,
Flow Rate) across its realistic range while hold-
ing the others constant at baseline values, then
recording the resulting change in the target out-
put, rejection percentage. This quantifies the indi-
vidual influence of each parameter and identifies
which feature exerts the strongest control over
the process performance. Figure 9 with Table 7
show the sensitivity analysis of each feature and
the change in the target feature. It is noticeable
from Table 7 that the feature pressure increase
from 12.76 to 13.8 atm caused a -7.57% change
in rejection. This shows high sensitivity and
pressure is an effective performance factor. The
concentration feature had a moderate sensitivity
when increased from 5079.05 to 6500 kmol/m?
resulting change from baseline of -3.47%. Both
the features temperature and flow rate show high
sensitivity caused a -10.87% and -8.87%, respec-
tively change in rejection.
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Table 7. Sensitivity analysis
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CONCLUSIONS

ML models show great promise in the quick-
ly developing field of predicting the removal
of chlorophenol from wastewater by reverse
osmosis. This study examined optimisation of
machine learning techniques for the removal
of chlorophenol from wastewater by reverse
osmosis. The goal was to determine the ideal
operating conditions and predict the rejection
percentage. The results showed that random
forest and gradient boosting provided excellent
performance in predicting chlorophenol rejec-
tion percentages. The findings also demonstrat-
ed that feed concentration and pressure are the
most significant factors, while temperature and
flow rate have moderate influence. The optimal
conditions identified in this research can guide
process optimisation, higher pressure generally
leads to better rejection and moderate to high
concentrations can be effectively treated. The
models in this paper can be used for process
optimisation, helps in determining the most effi-
cient operating conditions, and reduces the need
for extensive experimental trials.
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