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ABSTRACT
This study focuses on developing four machine learning (ML) models (Gaussian process regression (GPR), support vector ma-
chine (SVM), decision tree (DT), and ensemble learning tree (ELT)) optimized and hyperparameters tuned via genetic algorithm 
(GA) and particle swarm optimization (PSO) to analyze and predict the adsorption capacity of four estrogenic hormones. These 
hormones are a serious cause of fish femininity and various forms of cancer in humans. Their adsorption via electrospun nano-
fibers offers a sustainable and relatively environmentally friendly solution compared to nanoparticle adsorbents, which require 
secondary treatment. The intricate task is to find the relationship between input parameters to obtain optimum conditions, 
which requires an efficient ML model. The GPR integrated GA hybrid model performed the most accurate and precise results 
with R2 = 0.999 and RMSE = 2.4052e−06, followed by ELT (0.9976 and 4.3458e−17), DT (0.9586 and 2.4673e−16), and SVM (0.7110 
and 0.0639). The 2D and 3D partial dependence plots showed temperature, dosage, initial concentration, contact time, and pH 
as vital adsorption parameters. Additionally, Shapley's analysis further revealed time and dosage as the most sensitive param-
eters. Finally, a user- friendly graphical user interface (GUI) was developed as a predictor utilizing the optimum hybrid model 
(GPR- GA), and the results were experimentally validated with a maximum error of < 3.3% for all tests. Thus, the GUI can legit-
imately work for any desired material with given input conditions to efficiently monitor the removal concentration of all four 
estrogenic hormones simultaneously at wastewater treatment plants.

1   |   Introduction

Endocrine disruptive chemicals (EDCs), also known as syn-
thetic estrogenic hormones, do not only have depleting effects 
on the health of animals but also on human beings [1–3]. Low 
concentrations, nanograms to micrograms, of these residual 
pollutants are also detected in clean water storages at the sew-
erage treatment plants [2, 4]. Interference of the EDCs with 

the functional groups of the natural hormones because of their 
mimicking ability has raised serious concerns in the scientific 
community in the world [5–7]. These hormones can spread 
through food chains and drinking water sources and cause seri-
ous health conditions in humans and aquatic life [7, 8]. Among 
EDCs, the class of estrogenic hormones includes estrone (E1), 
estradiol (E2), ethinylestradiol (EE2), and estriol (E3) [9]. These 
estrogens affect the natural hormonal functions of the human 
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body and the reproduction of aquatic species [8, 10]. Many stud-
ies report fertility issues in alligators and quails due to weight 
loss that affects the testicles and rise in the femininity of the 
fish life [11]. Furthermore, a decline in the male sperm count 
has also been reported, along with an increased risk of getting 
breast and ovarian cancers in females [12]. It is now widely ac-
cepted in the scientific community that the possibility of getting 
serious health issues such as neurological disorders, leukemia, 
reproductive problems, and brain cancer is high due to the con-
sumption of EDCs [13]. European Union Directive 2020/2184 
declared a threshold level for EDCs' concentration in drinking 
water, that is, 1 ng/L [14], whereas a few nanograms per liter for 
wastewater. Estrogenic hormones are present in trace quantities 
of 0.1–20 ng/L that can cause a threat [15]. A defined experimen-
tation effort is needed to evaluate each hormone's removal accu-
rately. Ranging from the experimentation design to the various 
threats to the environment, there are major problems that the 
hormone removal procedure exhibits. Trace quantities of the 
estrogenic hormones bear carcinogenic impacts on human and 
aquatic life [16]. They deteriorate soil and life on earth and in 
water [17].

Sedimentation in rivers can only remove 1% of EDCs, rais-
ing severe concerns about treating estrogenic hormones [18]. 
Conventional methods at wastewater treatment plants are con-
sidered less efficient, with greater energy cost [19]; more effective 
ways to treat EDCs include advanced oxidation processes, nano-
filtration, UV photolysis, reverse osmosis, photocatalysis, and 
adsorption processes [20, 21]. Out of these processes, adsorption 
has proved to be more promising because of its environmentally 
friendly properties, cost- effectiveness, high adsorption capacity, 
and ease of modification [21]. Polymer- based electrospun nano-
fibers are thought to prove better adsorbents by avoiding second-
ary treatment than some high adsorbent powder materials and 
nanoparticles, like activated carbon, biochar, carbonaceous ma-
terials, or resins, for their higher life cycles due to higher poros-
ity [22]. In comparison, polymer- based electrospun nanofibers 
can be used because of their high removal efficiency, greater 
surface area, controlled geometry, low production cost, and 
better reusability [23]. Additionally, functionalized polymeric 
membranes with additives have distinct abilities like selectivity 
and high removal efficiency [24]. The efficiency of these mem-
branes can be enhanced by adding some additives like graphene 
oxide or surface functionalization with amine groups, and so 
forth [25–28]. So far in the literature, synthetic polymeric mem-
branes based on cellulose acetate (CA), regenerated cellulose, 
polyvinylchloride, polysulfone (PSU), polypropylene, polycar-
bonate, and polydimethylsiloxane, and so forth, have been used 
for removing estrogens from the environment. On the other 
hand, sorbents such as rice husk silica have been used for the 
adsorption of E1 and E2 with removal efficiencies of 93.1% and 
95.5%, as reported by M.H. Zarghi et al. [29]. In another study, 
A.E. Burgos Castellanos et al. used vermiculite intercalated with 
cetyltrimethylammonium ions to eliminate EE2 hormone [30] 
while Karina Bugan Debs et al. used yeast biomass from ethanol 
industry for its removal [31]. Moreover, Longjie Liu et al. synthe-
sized green rGO/FeNPs nanocomposites activated peroxydisul-
fate for E2 and E3 adsorption [32]. Additionally, Mohammed B. 
Abdul- Kareem et al. prepared cement kiln dust- based beads as 
an effective sorbent for the removal of E1 [19]. Still, these mate-
rials require extensive experimental setup and various tangible 

resources that are not only time- consuming but also require a 
lot of financial support. An experimental procedure alone is a 
time- consuming process to evaluate the removal efficiency and 
adsorption capacity of various adsorbents. Apart from having 
the correct dosage and timely execution, a marginal error can 
result in a significant deviation in results [33]. This problem can 
be addressed by employing machine learning (ML) methods to 
predict the adsorption concentration of E1, E2, EE2, and E3 for 
polymer- based electrospun nanofibers [34].

In comparison to experimental studies, ML methods can predict 
outcomes by utilizing operational conditions and input parame-
ters [35]. Various parameters such as material dosage, initial con-
centration of estrogenic hormone, experimental contact time, 
and solution pH are considered for their impact on adsorption ef-
ficiency and their linear/nonlinear relation. ML models craft the 
relationship, which is prevalent, adoptive, and sufficient to ex-
plain the behavior of various inputs related to the adsorption out-
put. The related model can potentially simulate and predict the 
removal values of specific pollutants. Therefore, it is useful for 
predicting the adsorption concentration of polymer- based elec-
trospun nanofibers and studying their life cycles and efficiency 
by developing artificial intelligence (AI) based ML models. ML 
integration allows the efficient and targeted removal of EDCs, 
such as estrogenic hormones, from wastewater. Conventional ex-
perimentation of estrogenic hormone removal via adsorption can 
be reduced with an active, tangible, and sustainable ML model 
development [36]. Moreover, the ecological deterioration and en-
vironmental hazards of experimentation and harmful waste can 
be minimized, and effective ML models serve as the foundation 
for achieving a green and sustainable future [37].

In this regard, ML models can effectively diffuse these chal-
lenges by employing an intelligent approach to pick the non-
linear trends for the prediction of the removal characteristics 
of various hormones via adsorption. ML methods are, at some 
level, viable alternatives for experimentation to achieve scien-
tific creditability among the various parameters and their impact 
on output [38]. The existing experimental data serves as a foun-
dation for data profiling in training the ML models to predict 
adsorption capacity with reduced experimentation [39]. Models 
such as regression tree, along with random forest (RF) classifi-
cation, are engaged for data mining to indicate the nonlinear 
relationship of the variables [40, 41]. These models can also be 
utilized for process optimization, adsorbed concentration obser-
vation, and automation under variable conditions [42]. Such au-
tomation promises economic viability, industrial advancement, 
and environmental friendliness, making it a key innovation in 
the field. This study utilizes a dataset on the adsorption removal 
of estrogenic hormones using electrospun polymeric nanofi-
bers. To the best of the authors' knowledge, no study has been 
reported on the use of ML in this area of estrogenic hormone 
removal. Hence, ML methods provide economically viable solu-
tions to predict the removal efficiency of estrogenic hormones 
and offer a sustainable solution for effectively treating these 
complex pollutants on a larger scale.

In this study, estrogenic hormones' adsorption capacity is pre-
dicted using a hybrid model of experimentation along with 
ML techniques, that is, ensemble learning tree (ELT), support 
vector machine (SVM), gaussian process regression (GPR), 
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and decision tree (DT) infused with genetic algorithm (GA) 
and particle swarm optimization (PSO) methods. This unique 
methodology effectively optimizes the ML algorithms along 
with tuned hyperparameters to forecast the kinetic adsorption 
capacity of various polymeric electrospun nanofibers primar-
ily. A comparative analysis was used to improve the perfor-
mance of the prediction models, which had a high coefficient 
of regression (R2) value and a low root mean square error 
(RMSE) value after optimization. Using the optimal model, 
the partial dependence plots (PDPs) were elaborated to test the 
impact of each input parameter, such as dosage, solution pH, 
time, temperature, equilibrium, and initial concentration, on 
both output adsorption efficiency (%) and kinetic adsorption 
capacity (Qe). The Shapley and sensitivity analysis was per-
formed to ensure the ML model's stability in terms of numer-
ical changes in input parameters individually. Furthermore, a 
graphical user interface (GUI) is developed based on AI- based 
ML modeling to accurately predict the adsorption capacity of 
hormones for designed nanofiber membranes. Also, the ex-
perimental validation of the interface revealed a maximum 
error of 3.3%, making it suitable for monitoring the removal 
of all four estrogenic hormones simultaneously in wastewater 
treatment plants under the appropriate input conditions. This 
allows the ML models to help forecast and clarify estrogenic 

hormone adsorption mechanisms. The flowchart of the re-
search is demonstrated in Figure 1.

2   |   Methodology

2.1   |   Data Collection and Preprocessing

The first step was acquiring data to build up the dataset to rep-
resent material used against pollutant removal. The data were 
acquired from the Web of Science and Science Direct for mem-
branes and nanofibers fabricated by electrospinning technique for 
the removal of estrogenic hormones (Table S1). Nanofibers from 
various polymers, including PSU, waste cigarette electrospun 
nanofibers (WCENFs) represented as CIG, polyamide (PA), CA, 
polyacrylonitrile (PAN), polyether sulfone (PESu), polyurethane 
Elastollan (PU- E), polyurethane 918 (PU 918), PU 918 modified 
with polyaniline (PU- P) are reported. The key parameters include 
material type, BET surface area, equilibrium concentration, and 
kinetic adsorption capacity (Qe). Furthermore, the conditions on 
which the removal was performed were also reported in the data 
set. The actual experimental data were preprocessed prior to ML 
modeling. Obtained data were subjected to data smoothing tech-
niques, mainly involving filling in missing values and eliminating 

FIGURE 1    |    Schematic workflow of machine learning models.
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outliers in the data set. Then, the experimental data were formu-
lated and utilized to train and test ML models.

2.2   |   Data Representation

There are 10 parameters contributing to accessing the ad-
sorption capacity for each pollutant, with a total of 449 points 

(Table S1). To represent data distribution, count plots and violin 
plots are generated (Figure 2). From the count plot, it is evident 
that the data points are equally distributed between the pollut-
ants, that is, E1, E2, EE2, and E3. Data points for E2 and E3 are 
around 100 counts; for E1, the total data count is 120 counts, 
and the maximum count for the data points is for EE2, which 
is 140 counts (Figure 2a). Similarly, data of the absorbent fiber 
materials are also evenly distributed as depicted in Figure 2b. 

FIGURE 2    |    Count plots for (a) four estrogenic hormones, (b) ten different adsorbent materials, and (c) violin plots for experimental features.
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Except for PSU, PU- P, and multi- walled carbon nanotubes 
(MWCNTs), all other adsorbents' data points are the same and 
lie just below 50 points each. PSU has the highest number of 
data points, that is, above 60 points. The lowest data count is 
for MWCNTS, which is well below 20, followed by PU- P, which 
has counts reaching 30.

Violin plots are a very convenient way to represent available 
continuous data sets. The interquartile range (IQR), along with 
the median, maximum, and minimum range of the data, can be 
graphically represented [43]. The data ranges of adsorption per-
centage, temperature, dosage initial concentration, time, solution 
volume, and pH are shown in Figure 2c. The adsorption percent-
age is in the range of 0%–100%; the temperature is in the range 
of 5°C–60°C with a concentration of the data set at 25°C. The 
dosage of the pollutant is concentrated at 20 mg with a range of 
10–200 mg, and similarly, the data set of the initial concentration 
of the pollutant is concentrated at 0.2 mg/L with a range of about 
0.2–0.5 mg/L. Time is distributed within a range of 0–600 min, 
BET surface area of the adsorbent fiber is distributed in the range 
of 5.16–84.3 m2/g, data of the solution volume are concentrated 
at 100 mL with minimum value at 10 mL and pH of the wastewa-
ter is fixed at 7 with few exceptions between 2 and 9.

2.3   |   Machine Learning Models and Optimization 
Techniques

Due to the limitation of the dataset on the adsorption capacity, 
it is necessary to find the best- performing ML model. A com-
parative analysis of ML models ELT, GPR, SVM, and DT in in-
tegration with optimization techniques is needed to increase the 
predictive capability of ML models. This section briefly intro-
duced the ML models and optimization techniques used for ad-
sorption capacity prediction.

SVM deals with both linear and nonlinear relations of input pa-
rameters with adsorption capacity. It separates the dataset with 
hyperplanes drawn to separate the data into various classes [44]. 
After classification, a number of hyperplanes and data points can 
be successfully used to distinguish the various data points pres-
ent in the analysis [45]. The nonlinear processes can be executed 
by employing kernels to SVM, which elevates the ability of SVM 
to adapt to the nonlinear process functions. The empirical com-
parisons support GPR models in deciphering interpretable and 
expressive optimal prediction performance while avoiding over-
fitting. The classification and nonlinear regressions find GPR as 
the most desired solution [46]. Working like a tree model, the 
DT helps to logically predict estrogen removal with inputs in-
cluding temperature and initial dosage. Leaf nodes, intermediate 
nodes, and root nodes are the critical characteristics of the DT 
[47]. Prediction performance can be significantly enhanced by 
combining numerous DTs for better performance. Boosting and 
bagging are mainly employed techniques by the ELT, and disper-
sion of DT can be reduced by bootstrap aggregate [48]. Multiple 
data subsets are formulated by random selection to form the 
trained data. Every subsequent subset is used for the training of 
DT, which would ultimately result in an ensemble tree [49].

The optimization techniques of GA and PSO show remarkable 
integration with ML models to increase their efficiency. The 

natural selection- based ideas are used using the GA approach. 
Genetic structure and the chromosomes are the basis of the be-
havior on the basis on which the algorithm proceeds. A solution 
is formed by the cumulative contribution of each chromosome. 
A GA employs the past data for probable solution direction, pro-
viding the best fit [50]. Employing the position of the particle 
respective to the swarm, PSO utilizes the memories relevant to 
the position to present a globally optimal solution. With the abil-
ity to adapt to changing circumstances and low confinement of 
continuity of an objective function, PSO occupies a significant 
position in progressive computation algorithms.

RMSE and R2 of the ML models were reported to evaluate the 
subject viability to predict and analyze. The data set obtained 
from the experimental data were divided into two data sets. One 
was 20%, used for testing, and 80% used for training for the ML 
models. A five- fold cross- validation was employed to avoid any 
overfitting exhibited on the data set.

3   |   Results and Discussion

3.1   |   Pearson Correlation Analysis

For establishing a suitable model, the Pearson correlation coef-
ficients demonstrated in Figure 3 present both linear and non-
linear relations between features. The equilibrium concentration 
and time have a straightforward relationship due to the nature 
and dependency of features on the variable. The correct time 
corresponds to the actual condition of removing pollutants in re-
lation to the heatmap. Similarly, the time of contact between ad-
sorbent and adsorbate has a direct impact on the removal of the 
estrogenic hormone via adsorption (0.44) up to a certain specific 
time, after which equilibrium is achieved either due to a limited 
amount of adsorbate in solution or due to saturation of adsorbent 
material. Furthermore, the initial concentration and dosage have 
a high positive correlation (0.75), showing that a higher dosage of 
nanofiber is required for the same amount of removal efficiency if 
the initial concentration of the estrogenic hormone is increased. 
The dosage and solution volume have an indirect relation (−0.58), 
indicating that a higher dosage of material and a lesser solution 
volume will result in a higher removal of estrogenic hormones. 
Lastly, a −0.9 correlation value between solution volume and ini-
tial concentration of estrogenic hormone shows that increasing 
solution volume with increasing concentration will result in a 
drop in removal efficiency. This could cause early saturation of 
adsorbent due to a lack of available sites for adsorption.

3.2   |   Performance Evaluation and Tuning

Table  1 explains after fine- tuning the ML Models under GA 
and PSO, the most influencing features are selected against 
each optimization method. Under DT, the adsorption % of the 
pollutant, temperature in°C of the water, solution volume in 
mL, and BET surface area in m2/g are the contributing input 
parameters for GA. Similarly, for PSO, except adsorption % of 
the pollutant, pH of the wastewater, dosage in mg, solution 
volume in mL, and adsorbent fiber type, all other input pa-
rameters are the major contributors to the prediction of ki-
netic adsorption capacity (Qe). For the discussion of the ELT, 
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under GA (except for BET surface area in m2/g) and under PSO 
(except for temperature in°C), all other input parameters are 
major contributors to predicting the adsorption capacity (Qe). 
In GPR under GA except temperature in°C and under PSO 
except for time in min, solution volume in mL, BET surface 
area in m2/g, and adsorbent fiber type, all input parameters 
influence the prediction of adsorption capacity (Qe). Similarly, 
except time in min, adsorption % of the pollutant, initial con-
centration mg/L, dosage in mg, and BET surface area in m2/g 
for SVM under GA, and except initial concentration in mg/L 
in the SVM under PSO, all other input parameters are contrib-
uting to the accurate prediction of the adsorption capacity (Qe) 
of the adsorbent fiber.

A five- fold cross- validation allowed the selection of hyperpa-
rameters for the ML models. The GA and PSO were used to 
optimize the DT, GPR, SVM, and ELT hyperparameters. The 
optimized values for SVM were reported with a box constraint 

value of 964, kernel scale value of 726, epsilon 0.0269, and 
kernel linear function for PSO optimization. The selected hy-
perparameters, along with their optimized values and ranges, 
are illustrated in Table 2. After applying GA on SVM hyper-
parameters, it gives a box constraint of 1.808, epsilon of 0.319, 
and kernel scale of 0.744 with a Gaussian kernel function. At 
the same time, PSO reports a box constraint of 963.937, epsilon 
of 0.027, kernel scale of 726.898 with polynomial kernel func-
tion. After hyperparameter tuning under GA, DT turns the 
surrogate off with a minimum leaf size of 1, but in the case of 
PSO, it keeps the minimum leaf size the same as GA but turns 
the surrogate on. Hyperparameter tuning for ELT results to 
set the number of learning cycles of 10 for GA and 84 for PSO, 
learning rate to 1 for GA and 0.701 for PSO and utilizing the 
LSBoost method for GA. Similarly, for GPR, the exponential 
kernel function is applied for GA, and the squared exponential 
kernel function is applied for PSO. The kernel parameters are 
set as [125.498, 3.127] for GA and set as [0.629, 0.378] for PSO, 

FIGURE 3    |    Pearson correlation between the input parameters (experimental variables and operating conditions) and output (adsorption 
efficiency and capacity (kinetic Qe)).

TABLE 1    |    Fine- tuning of ML models under optimization techniques of GA and PSO.

Prediction model GA PSO

DT Adsorption %, temperature in°C, solution 
volume in mL, BET surface area in m2/g

Except adsorption %, pH, dosage in mg, 
solution volume in mL, adsorbent fiber

ELT Except for BET surface area in m2/g Except temperature in°C

GPR Except temperature in°C Except for time in min, solution volume in mL, 
BET surface area in m2/g, adsorbent fiber

SVM Except for time in min, adsorption %, 
initial concentration in mg/L, dosage in 

mg, and BET surface area in m2/g

Except initial concentration in mg/L
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and the sigma is recorded as 21.461 for GA and 4.121 for PSO 
after hyperparameter tuning.

3.3   |   Performance of ML Models Under GA

After hyperparameter tuning and feature selection, all ML models 
accurately predicted the adsorption capacity (Qe) except for SVM, 
as shown in Table 3. The R2 and RMSE values for DT are 0.9586 
and 2.4673e−16 for testing and 0.94 and 1.34e−16 for training data, 
respectively. ELT reports R2 and RMSE as 0.9976 and 4.3458e−17 
for testing and 0.9900 and 8.0748e−16 for training, respectively. For 
GPR, recorded values of R2 and RMSE are 0.9999 and 2.4052e−6 
for testing and 0.9999 and 2.7022e−6 for training, respectively. 
Similarly, R2 and RMSE values reported for SVM are 0.7110 and 
0.0639 for testing and 0.2484 and 13.52 for training, respectively. 
It is evident from the data of R2 and RMSE that DT, ELT, and 
GPR performance are satisfactory for predicting the adsorption 
capacity of the polymeric nanofiber materials for the pollutant 
compared to that of SVM under GA. The nonlinear relation of ad-
sorption capacity with the selected features is the reason behind 
the unsatisfactory performance of SVM. This dissatisfying behav-
ior is evident in both testing data and getting worse in the training 
data set. Contrary to this, GPR performs better than all the other 
models in the discussion, reporting R2 at almost 1 and RMSE at 
approximately 0 because of the linear relation of adsorption ca-
pacity with the corresponding input parameters. The ELT is just 
behind GPR in its performance in predicting adsorption capacity, 
followed by the DT. The relation of actual adsorption capacity and 
predicted adsorption capacity for each model under GA are well 
defined in Figure 4. The relationship between adsorption output 
and input parameters can be characterized by Shapely's method 
and GPR model. Additionally, feature attribution can elucidate 
the relative importance and magnitude of each feature pertaining 
to the output of adsorption. This was used to assess the relative 
importance of different input parameters on the adsorption of 

estrogens. The GPR performed better in testing and training on 
the provided data set, showing 0.999 R2 for both training and test-
ing data. The reported values of training and testing for GPR inte-
grated with GA indicate high accuracy and precision that would 
be further used for prediction validation.

3.4   |   Performance of ML Models Under PSO

The performance of ML models under PSO after hyperparameter 
tuning is shown in (Figure 5). The GPR performs exceptionally 
well as compared to other ML models, reporting R2 and RMSE for 
testing as 0.9714 and 2.6290e−5, and for training, it gives 0.9999 
and 2.059e−6, respectively (Table 3). Following GPR, DT reports 
R2 and RMSE as 0.8065 and 1.6262e−16 for testing and 0.9587 and 
4.4860e−17 for training, respectively. The regression plots of the 
actual adsorption capacity against the predicted adsorption ca-
pacity confirm the linear relations in ML models. However, the 
linearity index in GPR is the highest, followed by DT, ELT, and 
SVM for the training data. GPR performed optimally under PSO, 
generating R2 of 0.9999 and RMSE of 2.059e−06 for training data, 
while it showed R2 of 0.9714 and RMSE of 2.6290e−05 for testing, 
which is considered to be the most effective model. Based on the 
results, it can be concluded that the GPR model can be consid-
ered ideal for optimizing the prediction of adsorption capacity 
for estrogenic hormones. Moreover, the modeling parameter re-
sults of GPR optimized by GA are slightly better (less scattered 
data points around linear lines) than those of PSO.

3.5   |   Feature Importance/Impact on Kinetic 
Adsorption Capacity (Qe)

In the context of estrogenic hormone removal, a systematic 
investigation into the multifaceted relationships between var-
ious input parameters and the efficacy of the removal process 

TABLE 2    |    Selection of hyperparameters tuned with GA and PSO for ML models.

Ranges hyperparameter GA PSO

DT Surrogate [on, off] Off On

Minimum leaf size [1–196] 1 1

ELT Number of learning cycles [10–500] 10 84

Learning rate [0.001–1] 1 0.7014534898

Methods [LSBoost, Bag] LSBoost Nil

GPR Kernel function [squared 
exponential, Ard exponential]

Exponential Squared exponential

Basic function [constant, zero, linear] None None

Kernel parameters [125.4975579404, 3.1268225463] [0.6286711784, 0.3775129030]

Sigma [0.001–1000] 21.4613609864 4.1205

SVM Box constraint [0.001–1000] 1.8080103527 964.9371639470

Epsilon [0.00032404–32.4043] 0.3199491344 0.0269844871

Kernel scale [0.001–1000] 0.7436245213 726.8985065764

Kernel function [polynomial, gaussian, linear] Gaussian Polynomial
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8 of 19 Polymers for Advanced Technologies, 2024

is achieved through the implementation of two- way PDPs, as 
depicted in Figure 6. This graphical representation exposes the 
complex dependencies among input variables and the removal 
process dynamics. By utilizing two- way PDPs, a holistic exam-
ination is conducted to understand the influence of pollutants, 
adsorption time, initial concentration, solution pH, dosage, 
material characteristics, kinetics adsorption capacity (Qe), BET 
surface area, and equilibrium concentration on removing es-
trogenic hormones. This methodological approach facilitates a 
comprehensive understanding of the interactions and synergies 
among these input adsorption parameters, thereby offering a 
foundational basis for optimization strategies. Optimal dosage 
and material properties emerge as critical factors influencing 
the efficiency of estrogenic hormone removal. Moreover, the 
plots unveil intricate relationships between temporal parame-
ters, initial concentration, and pH, providing valuable informa-
tion for optimizing the removal process.

Figure 6a shows the dependence of the adsorption capacity of 
the adsorbent against adsorption time from 0 to 550 min. The 
results indicate a sharp decrease in the adsorption capacity 
from 3 to nearly 1 mg/g from 0 to 200 min (about three and a 
half hours). However, with a further increase in adsorption time 
from 200 to 500 min, the adsorption capacity increased and 
reached a maximum value of 2.1 mg/g. Based on these results, it 
can be deduced that the adsorption contact time is a significant 
parameter affecting the removal of estrogenic hormones from 

water. The lower adsorption time is more feasible for effective 
removal, and longer contact time may be expected to promote 
the desorption of hormones from the adsorbent surface and re-
duce the adsorption capacity [51].

Figure 6b,d depict the relationship between the pollutant's av-
erage and initial concentration on the adsorbent's adsorption 
capacity. As shown, the increase in average and initial concen-
tration of pollutants resulted in a linear increase in adsorption 
capacity. This is mainly associated with the presence of more 
estrogenic molecules in water, which promotes molecular dif-
fusion and improves the sorption of pollutants on the adsorbent 
surface. The prediction of the adsorption percentage of the pol-
lutant is shown in Figure 6c. As per the curve, it can be postu-
lated that the adsorption capacity of the filter materials increases 
with the increase in the adsorption percentage of the pollutant. 
Initially, a declining trend is observed in the predicted curve till 
1.5 mg/g of adsorption capacity at about 20% adsorption of the 
pollutant, but after that, a gradual increase in the adsorption ca-
pacity of the filter is predicted with the increasing adsorption 
percentage of the pollutant.

The initial pH of wastewater containing estrogenic hormone 
contaminants is an essential factor that directly affects the 
chemistry of both adsorbent and adsorbate, resulting in signifi-
cant variations in adsorption efficiency. The change of pH from 
2 to 9 on the adsorption capacity of absorbent is displayed in 
Figure 6e. It was observed that the acidic pH ranges from 2 to 
5 showed low adsorption of pollutants onto the adsorbent sur-
face. The increase in solution pH > 5 resulted in a significant 
rise in adsorption capacity and reached a maximum value of 
1.496 mg/g at a pH of 9. The change in pH can be well described 
by considering the ionic state of estrogenic hormones and the 
surface chemistry of adsorbent. At acidic pH, the hormones 
exist in nonionic molecular form and may be absorbed by elec-
trostatic interactions, which decrease with increasing pH from 
2 to 5 [28]. At neutral to alkaline pH from 6 to 9, the increase in 
hormone sorption is mainly associated with the chemical inter-
action of abundant hydroxyl groups of adsorbents with hormone 
molecules.

In Figure 6f, it can be noted that initially, the adsorption capac-
ity is highest, around 6.8 mg/g, and the trend has a linear fall 
to 1 mg/g with the rise in the dosage of the adsorbent fibers to 
100 mg. This drop could be attributed to a low concentration of 
hormones in solution with an excess amount of adsorption sites 
available on the surface of nanofibers. Above this value, the ML 
model predicts a negligible change in the adsorption capacity 
with increasing the adsorbent dosage. The result is consistent 
with previous studies and mainly attributed to the presence of 
more sorption sites with increased dosage, which can lead to 
high hormone removal from water bodies [52].

The influence of hormone solution volume at a fixed concentra-
tion on the adsorption capacity of nanofiber adsorbents is elu-
cidated in Figure 6g. As can be seen, there is a steep rise in the 
adsorption capacity with an increase in solution volume. This 
is attributed to the fact that more molecules are available to be 
attached to the adsorption sites of the nanofibers, up to 600 mL 
of solution volume. However, a further increase in solution vol-
ume to 700 mL shows a slight increase in adsorption capacity 

TABLE 3    |    Parameters of ML models accuracy using GA and PSO 
optimization techniques.

Model

Before optimization

R2 RMSE

DT 0.68 2.501

ELT 0.79 0.2277

GPR 0.37 0.4246

SVM 0.60 0.3372

GA models

After Optimization

Training Testing

R2 RMSE R2 RMSE

DT 0.94 1.3458e−16 0.9586 2.4673e−16

ELT 0.9900 8.0748e−16 0.9976 4.3458e−17

GPR 0.9999 2.7022e−06 0.9999 2.4052e−06

SVM 0.2484 13.52 0.7110 0.0639

PSO 
models

After Optimization

Training Testing

R2 RMSE R2 RMSE

DT 0.9587 4.4860e−17 0.8065 1.6262e−16

ELT 0.8702 0.1480 0.9303 0.0677

GPR 0.9999 2.059e−06 0.9714 2.6290e−05

SVM 0.7688 0.3621 0.9721 0.0269
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9 of 19

FIGURE 4    |    Illustration of predicted versus actual adsorption capacity of estrogenic hormones using GA for training (left panel) and testing (right 
panel) data on models (a–a′) DT, (b–b′) ELT, (c–c′) GPR, and (d–d′) SVM.
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10 of 19 Polymers for Advanced Technologies, 2024

FIGURE 5    |    Demonstration of predicted versus actual adsorption capacity of estrogenic hormones using PSO for training (left panel) and testing 
(right panel) data on models (a–a′) DT, (b–b′) ELT, (c–c′) GPR, and (d–d′) SVM.
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at a decreasing rate, which indicates that saturation might have 
been achieved as all adsorption sites on the given adsorbent dos-
age are completely occupied. After this point, a further increase 
in solution volume demonstrates a drop in adsorption capacity. 
A plausible reason could be that the concentration of hormones 
in the solution volume is in excess, and no more adsorption sites 
are available on the surface of the adsorbent, leading to a de-
crease in adsorption capacity.

The surface area of the absorbent is a crucial feature that directly 
influences the adsorption performance of any adsorbent mate-
rial. A trend somewhat similar to that of solution concentration 
is observed with the adsorbent surface area. The adsorbent with 
a high surface area is expected to exhibit high adsorption capac-
ity. As shown in (Figure 6h), there is an exponential increase in 
adsorption capacity from 1.45 to 2.4 mg/g with an increase in 
the surface area of the adsorbent. The increase in surface area 
indicates the presence of more active sorption sites, which are 
expected to adsorb more estrogenic hormones on the adsorbent 
nanofiber surface. A plausible reason could be that hormones 
are widely present in solution, so increasing the amount of 

nanofiber can increase the surface area. Consequently, it could 
also be observed that a much higher adsorbent surface area by 
an excess increase of nanofiber dosage showed a reduction in 
adsorption capacity for hormone removal. This might be asso-
ciated with limiting solution concentration while using an ex-
cess nanofiber dosage. Another aspect could be the formation of 
micropores during adsorbent and pollutant interaction, which 
are expected to limit the adsorption of pollutants and lower the 
adsorption capacity, as investigated in another study [53].

The 3D PDPs are displayed in Figures 7 and 8 to develop a re-
lation between the input and output parameters. Various input 
parameters were analyzed and discussed, including pH, tem-
perature, adsorbent dosage, and initial concentration, which 
significantly impacted the hormone's output variables (adsorp-
tion capacity and % adsorption). This elaborated on the genuine 
relationship and the impact each input had on the output. As 
depicted in Figure  7a, the % adsorption of 80%–100% of hor-
mones was achieved at an initial concentration > 4–5 mg/L and 
an adsorbent dosage of 100–150 mg/L. This indicates that the in-
creased number of sorption sites at high adsorbent dosages can 

FIGURE 6    |    2D PDPs of input experimental parameters. (a) Contact time, (b) average equilibrium hormone solution concentration, (c) adsorption 
removal percentage, (d) initial hormone concentration, (e) solution pH, (f) dosage of nanofiber membrane, (g) solution volume, and (h) surface area 
(BET) of the nanofiber membrane to predict the adsorption capacity.

 10991581, 2024, 11, D
ow

nloaded from
 https://onlinelibrary.w

iley.com
/doi/10.1002/pat.6638 by T

om
as B

ata U
niversity in Z

lin, W
iley O

nline L
ibrary on [29/01/2025]. See the T

erm
s and C

onditions (https://onlinelibrary.w
iley.com

/term
s-and-conditions) on W

iley O
nline L

ibrary for rules of use; O
A

 articles are governed by the applicable C
reative C

om
m

ons L
icense



12 of 19 Polymers for Advanced Technologies, 2024

efficiently uptake hormone molecules present in water. A lower 
adsorbent dosage of < 100 mg/L can remove a maximum of 70% 
of hormones, mainly associated with fewer active adsorption 
sites available on the adsorbent surface.

The impact of solution pH and dosage on the % removal of 
hormones is shown in Figure  7b. It was observed that the 
maximum % adsorption of hormones from 70% to 85% can 

be obtained at higher dosage > 100 mg when the solution pH 
value ranges 6–8. This implies that a high adsorbent dosage 
is required when the solution pH is in the acidic range, re-
sulting in 80% adsorption of hormones from water. Similarly, 
the binary interaction of pH and initial hormones concentra-
tion (Figure  7c) showed that % adsorption of 80–100 can be 
obtained at alkaline pH and lower concentration (1–3 mg/L). 
An increase in concentration to 5 mg/L at pH (8, 9) may reduce 

FIGURE 7    |    3D PDPs of adsorption removal (%) with input parameters.
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FIGURE 8    |    3D PDPs of adsorption removal capacity with input parameters.
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the % adsorption at fixed adsorbent dosage due to adsorbent 
saturation.

The relationship between dosage and temperature depicted in 
Figure 7d reveals that lower dosage (0–100 mg/L) and high tem-
peratures (40°C–60°C) are unfavorable for % removal of hor-
mones. The maximum % adsorption of 80%–90% of hormones 
is achieved at high adsorbent dosage > 100 mg/L and tempera-
ture < 40°C. This indicates that the % adsorption of hormones 
onto adsorbent is exothermic in nature, and elevated tempera-
ture leads to a reduction in % removal. Similarly, trends were 
observed in the case of initial concentration and temperature, as 
indicated in Figure 7e. The effect of pH versus temperature plot, 
as shown in Figure 7f, shows that the % adsorption of hormones 
onto adsorbent surface is maximum at pH (6–8) and adsorption 
temperature < 40°C which is associated to the surface chemistry 
of adsorbent and ionic charge of hormones in aqueous phase as 
discussed in above section. The increase in adsorption tempera-
ture above 40°C showed lower sorption performance at all solu-
tion pH 2–10. Saima Farooq et al. also found in their study that 
adsorption removal of E1 was exothermic using copper selenide 
nanoflakes [54].

The investigation into the adsorption capacity of estrogenic 
hormones encompasses a comprehensive analysis utilizing 
three- dimensional PDPs in Figure 8. Three- dimensional plots 
elaborate on the importance of various input parameters si-
multaneously with the output. Keeping output as the reference, 
the impact of multiple inputs is considered and elucidated. In 
these plots, the adsorption capacity serves as the fixed z- axis, 
while various input parameters are systematically varied to 
discern their collective impact on the adsorption process. In 
general, the dosage and solution pH have a critical high in-
fluence, which impacts the adsorption capacity. Meanwhile, 
dosage against temperature shows a considerable range over 
which the capacity is altered and affected. Temperature and 
initial concentration develop the ranged scheme in which the 
capacity bears a brief region and is reduced. The capacity is 
achieved optimally on each temperature and initial concentra-
tion boundary condition. The dosage and initial concentration 
impact hormone removal crucially [55]. The dosage range of 
50–150 mg reflects the highly effective zone to achieve the re-
moval of the hormone.

As can be seen, Figure  8a explores the interaction between 
dosage and initial concentration and reveals the intricate re-
lationship between these parameters. The analysis provides 
insights into the synergistic effects of dosage and initial con-
centration on the overall adsorption performance of estrogenic 
hormones. It is indicated that the adsorption capacity of ad-
sorbent is maximum at an adsorbent dosage of 100–150 mg/L 
and initial concentration of 1–2 mg/L, and the performance 
tends to decrease with an increase in the hormone concentra-
tion. In addition, the exploration of the binary relationship of 
pH and dosage through a three- dimensional plot facilitates a 
visual representation of the interplay between these variables. 
The results shown in Figure 8b demonstrate that a pH value 
of 7–9 and an adsorbent dosage of 100–120 mg/L resulted in 
increased adsorption capacity to a maximum of 28 mg/g. As 
discussed in the previous section, lower solution pH values 
are not favorable for hormone adsorption and result in low 

adsorption capacity. The 3D plot in Figure 8c sheds light on 
the joint influence of solution pH and initial concentration on 
adsorption capacity. The result showed that the adsorption 
capacity increased with increasing pH from 2 to 6, reaching 
a maximum of 38 mg/g at pH 7 and a concentration range of 
4–7 mg/L. A further increase in pH from 7 to 10 resulted in 
a decrease in adsorption capacity. The interdependence be-
tween these parameters becomes apparent in the analysis of 
average concentration and temperature (Figure 8d). This in-
sight assists in comprehending how temperature influences 
average concentration and subsequently affects the adsorption 
capacity of estrogenic hormones. The maximum adsorption 
capacity of 38 mg/g is obtained at an average concentration of 
50–60 mg/L and temperature < 40°C. The lower adsorption 
temperature of 20°C–40°C favors the adsorption, indicating 
the exothermic nature of the adsorption process.

In exploring temperature interaction with dosage, initial 
concentration, and pH, as shown in Figure 8e–g, The three- 
dimensional plots highlight the intricate relationship between 
these parameters, suggesting the same optimum values for 
desired removal capacity. This visualization assists in dis-
cerning the temperature- dependent variations in adsorption 
capacity with changing input variables. This analysis con-
tributes to understanding the nuanced effects of temperature 
and pH variations on the adsorption process of estrogenic 
hormones. In conclusion, these three- dimensional PDPs col-
lectively provide comprehensive insights into the complex 
interactions among dosage, initial concentration, solution 
pH, average concentration, and temperature and their result-
ing impact on adsorption capacity. This knowledge informs 
well- optimized strategies with suitable condition ranges for 
removing estrogenic hormones from environmental matrices 
that can appropriately be used at the monitoring wastewater 
treatment plants.

3.6   |   Shapley and Sensitivity Analysis

SHAP (Shapley Additive Explanations) stands out as a valuable 
tool in the realm of ML interpretation. This method, rooted in 
game theory and an extension of Shapley values, offers a practi-
cal and comprehensive approach to unraveling the intricacies of 
model predictions. By delving into the underlying principles of 
game theory, SHAP provides a robust framework that empowers 
users to gain nuanced insights into the output of ML algorithms. 
This strategic application of game theory enhances interpret-
ability and contributes to a more profound understanding of the 
factors influencing model predictions, fostering transparency 
and informed decision- making in ML.

The dependence of each input parameter on the adsorption ca-
pacity of the adsorbent fiber can also be demonstrated using the 
SHAP study. In Figure 9a, the Shapley value for each of the input 
parameters is shown. Input parameters with positive values di-
rectly impact the adsorption capacity (Qe), and the parameters 
with negative Shapley values indirectly impact the adsorption 
capacity. Except for time and pH, all other parameters influence 
the Qe indirectly and are inversely related to Qe. Time shows a 
positive Shapley value, which indicates that adsorption capac-
ity increases with an increase in contact time and vice versa. A 
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plausible reason could be that interaction mechanisms between 
estrogenic hormone pollutants and adsorbent membranes can 
play a better part in adsorption with a sufficient time to reach 
equilibrium. In contrast, the Shapley value for pH is almost neg-
ligible, implying no contribution to the adsorption of estrogenic 
hormones on the surface of membranes is influenced by pH in 
the tested range. This can further be elaborated by the fact that 
the acid dissociation constant (pKa value) of all estrogenic hor-
mones is between 10.2 and 10.5, so they are stable at a lower 
pH, and no proton dissociation is observed in the 3–10 pH range 
discussed throughout the study. Therefore, change in pH has 
negligible dependence on capturing hormones via electrospun 
nanofiber membranes.

Sensitivity analysis plays a crucial role in evaluating the predic-
tive capability of models (GPR in this case). A cross- validation 
employing a leave- one- out (LOO) strategy is applied by initial-
ing a loop, and upon each successful iteration, one of the features 

from the dataset is excluded. The modified data are used to train 
the optimized GPR model. The prediction error is calculated 
after predicting from the formulated dataset. Once again, the 
same GPR model is trained with the help of the original dataset, 
containing all features, and the prediction error is calculated. 
The absolute difference between the prediction errors of the two 
scenarios determines the sensitivity of each feature. The value of 
sensitivity of each prominent feature is visualized and depicted 
with the help of a bar plot (Figure 9b). This analysis aids in un-
derstanding the impact of individual features on the predictive 
performance of the GPR model, providing insights into feature 
importance.

In the context of a GPR model predicting kinetic adsorption ca-
pacity (Qe), the sensitivity analysis values of 0.74 for the “time” 
feature and 0.23 for the “dosage” feature indicate their respec-
tive impacts on the model's predictive accuracy. A sensitivity 
score of 0.74 for the “time” feature suggests that variations in 

FIGURE 9    |    (a) Shapley analysis, (b) sensitivity analysis, and (c) schematic representation of web- based graphical user interface.
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time have a substantial effect on the predicted kinetics, imply-
ing that changes in the duration of a process or event signifi-
cantly influence the outcome. On the other hand, the “dosage” 
feature with a sensitivity score of 0.23 indicates a moderate 
impact on the predicted kinetics, implying that alterations in 
dosage levels have a relatively lesser but still notable effect on 
the model's predictions. By understanding the sensitivity of 
these input features, stakeholders of monitoring plants can 
prioritize their interventions or adjustments, accordingly, fo-
cusing on factors that have the most substantial influence on 
the predicted kinetic adsorption capacity (Qe) via the adsorp-
tion method. This insight derived from sensitivity analysis en-
hances the model's interpretability, guiding decision- making 
processes and potentially leading to more effective strategies 
in determining membranes' interaction kinetics at modern 
wastewater treatment plants.

3.7   |   Graphical User Interface (GUI)

A GUI employs symbols, graphical icons, and user- friendly fea-
tures to facilitate user interaction with electronic devices and 
allow users to provide their adsorption input parameters. The 
GUI provides a convenient platform for researchers to input and 
manipulate the key parameters, contributing to a comprehen-
sive understanding of the adsorption process and streamlining 
the interaction with the adsorption model. The specific key pa-
rameters are time contact, initial and equilibrium concentration, 
temperature, solution pH, the volume of solution, the dosage of 
adsorbent, BET surface area, estrogenic hormone type, type of 
nanofiber adsorbent, and adsorption %. The software can pre-
dict the kinetic adsorption capacity (Qe) in mg/g by employing 
the GPR model function optimized by GA in MATLAB 2021b 
from the developed application. Figure 9c depicts the GUI image 
of the adsorption capacity prediction calculator with a push but-
ton and input parameter conditions for the class of estrogenic 
hormones that include E1, E2, EE2, and E3.

3.8   |   Experimental Results Validation

To validate the prediction of adsorption capacity from the 
most suitable model (GPR- GA), the EE2 hormone was used as 
a model pollutant to test the experimental adsorption capacity 
compared to the predicted values from GUI. The method for the 
detection and quantification of EE2 hormone, the fabrication of 
lab- synthesized polyurethane via the electrospinning process, 

and surface functionalized with PANI (PU- P) nanofibers is de-
scribed in previous research [56]. The SEM nanofiber structure 
before and after functionalization is displayed in Figure S1. It 
can be seen from the morphology that nanofiber became dense 
and compact after coating with PANI (aniline was oxidized with 
ammonium peroxydisulfate), which improved its adsorption 
ability. Therefore, a set of five different conditions was randomly 
picked based on the generated set of experiments with varied 
adsorption parameters from software design expert v.11.0 using 
response surface methodology with a central composite design 
model. The experimental conditions of temperature, EE2 initial 
concentration, solution pH, and dosage of PU- P nanofibers are 
specified in Table 4, and the chromatogram of the standard mo-
bile phase prior to analysis and EE2 calibration curve are dis-
played in Figures S2 and S3. Additionally, the chromatograms of 
each experiment for the control and tested samples are detailed 
in Figures S4–S8. As can be seen, for all experimental runs, the 
actual obtained adsorption capacity values at equilibrium time 
(210 min) are close to the predicted values from the optimized 
ML model, with the maximum reported error of only 3.28% 
(Experiment 3) and as low as 0.16% (Experiment 2). Moreover, it 
is noteworthy to mention that at the optimum removal percent-
age (85.5%) in Experiment 4, the adsorption capacity is reported 
to be 2.364 mg/L experimentally, which is firmly in agreement 
with the predicted value of 2.435 mg/g with an error of 3% using 
GUI. The experimentally verified results indicate the accuracy 
and precision of the implemented GPR- GA optimized ML model 
to create a valuable application for waste treatment plants to 
monitor and concurrently remove the estrogenic hormones over 
the recommended concentration limits.

4   |   Conclusion

The adsorption capacity of estrogenic hormones via adsorption 
was successfully predicted by employing four different ML 
models optimized with PSO and GA, and the hyperparameters 
were fine- tuned. The features selection by GA and PSO differed 
for the GPR model, yet GA was better aligned to select the most 
effective features for the prediction function. It was found that 
the optimized R2 values of all models were relatively better 
with GA compared to the PSO technique, except in the case of 
SVM, where the results obtained were better using PSO with 
R2 of 0.9721 for testing data. The GA- integrated GPR model 
outperformed the rest of the optimized ML models in predict-
ing the adsorption capacity with an impressive R2 of 0.999 for 
both training and testing data. The values of testing data for 

TABLE 4    |    Comparison of ML predicted results to the experimental values at different conditions for removing EE2 hormone after 4 h using PU- P 
nanofibers.

Temperature (°C)
Solution concentration 

(mg/L) pH
Dosage 

(mg)
Predicted 
Qe (mg/g)

Experimental 
Qe (mg/g) Error (%)

40 0.3 7 20 2.170 2.110 2.84

40 0.3 7 10 3.038 3.043 0.16

25 0.2 5 10 1.639 1.587 3.28

55 0.2 9 10 2.435 2.364 3.00

25 0.4 5 10 3.809 3.932 3.13
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other models in descending order were ELT (R2 = 0.9976 and 
RMSE = 4.3458e−17), DT (R2 = 0.9586 and RMSE = 2.4673e−16), 
and SVM (R2 = 0.7110 and RMSE = 0.0639). The GPR exhib-
ited satisfactory performance even with optimization via PSO 
but remained second to the prediction results produced by GA 
optimization. Furthermore, the PDP demonstrated that tem-
perature, dosage, initial concentration, contact time, and pH 
play vital roles as adsorption parameters chosen using GPR 
integrated with GA- based methodology; additionally, Shapley's 
analysis further revealed time and dosage were identified as 
the most sensitive parameters. Moreover, a GUI was developed 
employing the GPR- GA hybrid model. The credibility of the 
developed GUI was validated with five different experimental 
tests, and it was found that the error difference remained below 
3.3% between the experimental results and predicted values 
of kinetic adsorption capacity. This study provided a precise 
and reliable prediction hybrid methodology for the simultane-
ous adsorption capacity of the different estrogenic hormones. 
Thus, the findings in this work through ML could significantly 
enhance water treatment processes by providing a more effi-
cient method for removing harmful estrogenic hormones from 
wastewater.
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