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1. Introduction

Solar-driven photocatalytic removal of cefuroxime
from water: process optimization via machine
learning and nature-inspired algorithms

Sara Zeghbib,? Noureddine Nasrallah,® Haroun Hafsa,® Mohammed Kebir,?
Hichem Tahraoui, € Sabrina Lekmine,® Walid Zeghbib,? Abdeltif Amrane,®
Fekri Abdulrageb Ahmed Ali,f Farid Fadhillah and Amine Aymen Assadi @ *f

The extensive presence of antibiotics in aquatic environments has raised significant concerns regarding
their ecological impact and the potential development of antibiotic-resistant bacteria. This study
investigates the photocatalytic degradation of Cefuroxime (CFX) using silver-doped zinc oxide (Ag-ZnO)
nanoparticles under solar irradiation. Ag-ZnO nanoparticles were synthesized with varying Ag doping
percentages (1, 2, 2.5 and 3 wt%) via a sol-gel method, followed by structural and optical
characterizations using XRD, SEM-EDS, ATR-FTIR, and UV-Vis spectroscopy. Photocatalytic experiments
have revealed that 2 wt% Ag-ZnO exhibited the highest degradation efficiency, attributed to reduced
light spectrum. The
information on the morphological,

electron-hole recombination and enhanced absorption in the visible

characterization results provided valuable structural, and
compositional features of the prepared catalysts, emphasizing the influence of different silver loadings
on their properties. The optical study revealed a decrease in the band gap value from 3.15 eV (ZnO) to
3.01 eV (Ag:ZnO, 2%). Furthermore, the photodegradation kinetics were analyzed, and scavenger tests
were performed to examine the role of reactive species, providing a comprehensive understanding of
the photocatalytic mechanism. According to the kinetic study, CFX degradation followed pseudo-first-
order kinetics, and Hydroxyl radicals ("OH) were identified as the dominant reactive species driving the
photodegradation process. To optimize the degradation process, a Decision Tree coupled with the Least
Squares Boosting (DT_LSBOOST) algorithm was employed to model and predict CFX photodegradation
efficiency based on key operational parameters: reaction time, catalyst dosage, initial CFX concentration,
pH, and Ag doping percentage. The optimized DT_LSBOOST model demonstrated high predictive
accuracy (R > 0.9996) with minimal root mean square error (RMSE < 0.88). Furthermore, the Dragonfly
Algorithm (DA) was implemented to determine the optimal reaction conditions, achieving an
experimentally validated degradation rate of 84.25% under optimized conditions (pH = 6.11, catalyst
dose = 0.1 g L™, initial CFX = 50 mg L™% 180 min reaction time). The integration of machine learning-
based modeling and nature-inspired optimization highlights an effective approach for enhancing
photocatalytic processes. The results provide a robust framework for optimizing semiconductor-based
water treatment technologies, contributing to sustainable environmental remediation strategies.

improve patient outcomes and public health."* The extensive
utilization and excessive application of antibiotics have led to
the unavoidable discharge of their residues into aquatic

In medical practice, antibiotics are extremely important and are
used in the treatment of infections because they help in the
eradication of dangerous organisms, which consequently
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ecosystems, prompting worries over environmental pollution
and the potential emergence of antibiotic-resistant microbes.**
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Cefuroxime (CFX) belongs to the second-generation cephalo-
sporin family and is a PB-lactam antibiotic. Because of its
increased stability against f-lactamase enzymes produced by
some bacteria, it is frequently used to treat a wide range of
bacterial infections, including those that affect the skin, urinary
tract, respiratory tract, and other systems.>® Cephalosporin
antibiotics, including cefuroxime, have been identified in
wastewater at amounts between pg L~" and ng L™ ". This event
prompts environmental apprehensions over its potential effects
on aquatic ecosystems and the facilitation of antibiotic resis-
tance.”® The detrimental impact of medication residues,
particularly antibiotics, in aquatic ecosystems has emerged as
a major concern. Consequently, their efficient removal and
treatment have become significant and thoroughly examined
study area, with the objective of alleviating environmental
hazards and diminishing the emergence of antibiotic
resistance.”’

Various methods have been developed to treat antibiotic
residues in water before their final discharge into the
environment,'*** adoption,”® such as advanced oxidation
processes (AOPs),"**® biological methods,'*' sonocatalyst
processes,** coagulation.**” Research has shown that a wide
variety of antibiotics may be eliminated and decomposed by the
AOPs into safe and eco-friendly compounds.**** The photo-
catalysis technique is based on the activation of a semi-
conductor by light.**-*?

The absorption of light radiation induces an excitation of
electrons on the photocatalyst, which pass from the (BV) valence
band to the (BC) conductance band, creating (e /h*) electron-
hole pairs capable of reacting with oxygen from the air and/or
atmospheric humidity to form radicals and initiate oxidation-
reduction reactions.***

Metal oxide semiconductor photocatalysts are a promising
approach for applying environmental remediation due to their
high stability, controlled morphologies, physical properties,
variable surface chemistry, textural qualities, and distinct
crystalline nature.*

Zinc oxide (ZnO), a metal oxide semiconductor, has the
advantage of being a non-toxic, environmentally friendly
compound. It is also thermally and chemically stable, and the
raw materials required for its production are abundant.
However, the energy of its wide bandgap (~3.37 eV) presents
a major challenge, limiting its effectiveness to wavelengths in
the UV range, which account for only 5% of sunlight.*

To exploit solar radiation, it is necessary to modify the
electronic properties of ZnO nanostructures. It is therefore
necessary to find solutions to increase the quantity of photons
that can absorb, and make it more efficient in sunlight. Tran-
sition metal (TM) doping in the ZnO crystal lattice is one of the
best-known strategies for adjusting the bandgap of ZnO to make
it an active photocatalyst in visible light and prolonging the
time life of electron holes.?”

Doping ZnO with different metals enhances its effectiveness,
as Cu:ZnO NPs,*®* Mn:ZnO NPs,** Ce:ZnO NPs* and Fe:ZnO
NPs,** Ni:ZnO NPs.* It is important to note that not all transi-
tion metals boost efficiency; in fact, some of them actually
reduce it due to an increase in electron-hole recombination.*®

25—
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Recent research has demonstrated substantial enhance-
ments in photocatalytic performance across a range of appli-
cations, including hydrogen evolution, CO, reduction, and the
degradation of recalcitrant organic pollutants such as phar-
maceutical residues and synthetic dyes.** Among these, Ag
doped ZnO nanomaterials have garnered attention due to their
improved light-harvesting and charge separation capabilities.
Specifically, ZnO doped with 3 wt% Ag has been reported to
degrade tetracycline and amoxicillin with efficiencies of 92.1%
and 76.4%, respectively, within 90 minutes of visible light
exposure, accompanied by total organic carbon (TOC) removal
of 42.7% and 31.3%.* Moreover, ZnO doped with 6 wt% Ag,
synthesized via a mechanochemical combustion route, has
shown excellent photocatalytic performance in the degradation
of famotidine a model pharmaceutical contaminant achieving
up to 88% removal efficiency under visible light within 90
minutes.*®

As regards this work, the photocatalytic degradation of the
antibiotic cefuroxime (CFX) was studied using silver-doped ZnO
(Ag:ZnO) nanoparticles under solar irradiation. Ag:ZnO nano-
particles with different Ag concentrations (1, 2, 2.5 and 3 wt%)
were synthesized by the sol-gel method, and their character-
ization was carried out using various analytical techniques
(XRD, SEM-EDS, ATR-FTIR and UV-Vis) to evaluate their struc-
tural, morphological, and optical properties. The photocatalytic
efficiency of these materials was analyzed as a function of
several parameters, including pH, initial antibiotic concentra-
tion and photocatalyst dose. Advanced modeling was developed
by using a decision tree algorithm coupled with least squares
boosting (DT_LSBOOST) to predict the CFX degradation rate
according to experimental conditions. Subsequently, optimiza-
tion of the degradation conditions was carried out by using the
Dragonfly Algorithm (DA), allowing the identification of optimal
experimental parameters. In addition, an application was
developed in MATLAB to ensure real-time prediction and opti-
mization of the CFX degradation rate according to operating
conditions. This integrated approach, combining modeling,
optimization and experimentation, was implemented with the
aim of improving the efficiency of photocatalytic processes for
the treatment of water contaminated by antibiotics.

This work proposes a novel and original approach
combining the synthesis and characterization of optimized Ag-
ZnO nanoparticles with advanced modeling based on the
DT _LSBOOST algorithm and optimization by the Dragonfly
Algorithm (DA) for the photocatalytic degradation of cefuroxime
(CFX). Unlike conventional studies that focus solely on experi-
mental optimization, this study integrates advanced artificial
intelligence to predict with high accuracy the photodegradation
efficiency and identify optimal conditions. In addition, the
development of an interactive MATLAB application allows real-
time optimization, thus facilitating the adoption of this tech-
nology for the treatment of contaminated water. This multi-
disciplinary integration between advanced materials, machine
learning, and computational optimization opens new perspec-
tives for intelligent and efficient photocatalytic systems.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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2. Materials and methods

2.1. Chemicals reagents

The chemical reagents utilized in this investigation were
acquired from Sigma Aldrich, And employed without purifica-
tion: polyvinyl alcohol (PVA, >98%, Sigma-Aldrich Co., USA),
silver nitrate (AgNOj3, >99%, Sigma-Aldrich Co., USA), and zinc
acetate dihydrate (Zn(CH;COO), 2H,0, >99%, Sigma-Aldrich
Co., USA). Distilled water was used to prepare the solution.
However, Pharmaliance, an Algerian pharmaceutical laboratory
firm, provided the antibiotic's main active component, which
was utilized exactly as supplied without any additional
purification.

2.2. Preparation of the photocatalyst Ag doped ZnO

ZnO NPs were successfully prepared using a simple method,
zinc acetate dihydrate Zn(CH3COO),-2H,0 was dissolved in
distilled water. The resulting solution was continuously agitated
for 2 h on a magnetic stirrer with heating at 100 °C. The ob-
tained powder was first dried in an oven at 100 °C for 24 h and
subsequently calcined at 450 °C for three hours in the furnace to
produce a nanocrystalline powder of ZnO with enhanced
structural properties.

Silver doped ZnO NPs were prepared using a method similar
to that described above, with silver incorporated at different
percentages of Ag (1, 2, 2.5 and 3 wt%), this approach ensures
uniform doping while maintaining the fundamental synthesis
process. Zinc solution was prepared by dissolving zinc acetate
dehydrate in distilled water. Separately, silver nitrate (AgNO3)
was dispersed in distilled water and added to the above-
prepared solution, and agitated for 1 h. Additionally, a PVA
solution was prepared with a PVA:ZnO ratio of 1:5 and
subsequently added to the initial solution which was homoge-
nized by stirring for 2 h with a magnetic stirrer under heating at
100 °C. After being dried for 24 hours at 100 °C in the oven, the
resulting powder was calcined for three hours at 450 °C in
a furnace to obtain a nanocrystalline phase powder.

2.3. Materials characterization

The synthesized photocatalysts with different percentages of
ZnO-doped silver, were characterized using several physico-
chemical methods to understand thier morphology and struc-
ture. X-ray diffraction (XRD) was conducted using Bruker D8
Advance, PANalytical Co. Ltd, Netherlands) equipped with a Cu
Ka anticathode (1 = 1.54056 A). The recording speed of 0.01° s~*
in the range (5°-80°) allows the identification and analysis of
the crystallite phase present in the prepared materials, thanks
to HIghschor plus software. A scanning electron microscope
(SEM; Quanta 650) coupled with an energy-dispersive X-ray
spectroscopy (EDX) device was used to analyze the microstruc-
ture and elemental composition of the samples. The principal
functional groups were identified by ATR-FTIR spectroscopy
using a Bruker Alpha One in the region (400-4000 cm ™). The
UV-visible spectrophotometer used for optical characterization
was a Specord 210 (Analytical Jena, Germany) equipped with an

integrating sphere. Polytetrafluoroethylene (PTFE) was

© 2025 The Author(s). Published by the Royal Society of Chemistry
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employed as the conventional standard, and measurements
were recorded over the wavelength range of 190-1100 nm.

2.4. Photocatalytic experiment conditions

In ordre to evaluate the photocatalytic activity of the pure ZnO
and Ag:ZnO NPs, an aquouse solution of CFX was used. The
photocatalytic process was performed in batch mode. Optimi-
zation experiments were conducted to identify the ideal degra-
dation conditions by varying parameters such as pH, initial
concentration, and catalyst amount. The solutions were initially
stirred in the dark for 30 minutes to establish the adsorption-
desorption equilibrium, followed by exposure to sunlight for
three hours. The absorbances of CFX were determined every 30
minutes by using a UV-visible spectrophotometer (Shimadzu,
Model UV-1800) at the maximal absorption wavelength of CFX,
Amax = 281 nm. The photodegradation efficiency for each
experiment was calculated using the following formula;

Co— C(1)
C

0

Photodegradation efficiency = x 100 (1)
where C, represents the initial concentration of CFX after
adsorption, and C(¢) denotes the concentration after irradiation
at time (z).

2.5. Measuring total organic carbon (TOC)

The mineralization efficiency of CFX during photocatalytic
degradation over Ag:ZnO was evaluated by measuring the Total
Organic Carbon (TOC) using the Sievers TOC-M9 analyzer.
Based on the TOC values from eqn (2), the residual minerali-
zation [%] of the CFX reaction solutions was calculated under
ideal experimental circumstances.

The residual mineralization (%) =

( | COT

- COT0> x 100 (2)

where TOC, and TOC stand for the starting concentration and
the concentration after time ¢, respectively.

2.6. Decision tree coupled with the least squares method

DT is a supervised learning algorithm widely used in classifi-
cation and regression.*”** It works by segmenting the feature
space into homogeneous subgroups via a tree structure, where
each node represents a decision based on a specific feature. Its
ease of interpretation and ability to model nonlinear relation-
ships make it a powerful tool.*”** However, it has several
drawbacks: it is prone to overfitting, particularly when the tree
is deep, and it is sensitive to data variations, which can lead to
high variance and instability in predictions.**®

LSBOOST is a variant of boosting that optimizes a set of weak
models by minimizing the mean squared error. It sequentially
builds decision trees, where each new tree corrects the errors of
the previous one by reducing the gap between predictions and
actual values. LSBOOST is particularly effective at improving
model accuracy while limiting overfitting.*”** Coupling DT with
LSBOOST (DT_LSBOOST) overcomes the limitations of DT while
exploiting its strengths. By combining multiple weak trees
instead of a single complex tree, LSBOOST reduces variance and

RSC Adv, 2025, 15, 31767-31787 | 31769
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improves model stability.*”** This approach also allows for
better generalization to new data, minimizing overfitting while
maintaining high expressiveness. In addition, iterative error
correction significantly improves prediction accuracy, making
this coupling particularly effective for handling complex and
nonlinear relationships between variables.*”**

In this study, the prediction of the photodegradation rate of
CFX in the presence of Ag-ZnO material was performed using
the DT_LSBOOST algorithm. The database was created by
integrating the parameters optimized in this research and
considering different experimental conditions. The input vari-
ables used include reaction duration (X1), the amount of cata-
lyst applied (X2), the initial CFX concentration (X3), the pH of
the medium (X4), and the silver doping percentage (X5).

To ensure better model convergence, the data set was
normalized to the interval [—1, 1]. This step mitigated the
influence of scaling differences between the different variables
on model training. Subsequently, the data were divided into
three distinct sets: 70% were used for training, 15% for testing,
and the remaining 15% for validation, thus ensuring a reliable
assessment of the predictive model's performance. Hyper-
parameter optimization was carefully performed to improve
model accuracy. For DT, adjustments were made to several
parameters, including the minimum leaf size, the maximum
number of splits, the minimum parent node size, and the
activation of substitution splits, to maintain an optimal balance
between complexity and interpretability.*”** For LSBOOST,
optimization focused on the number of iterations, the learning
rate, and the number of variables selected at each split, with the
aim of gradually reducing residual errors.*”*® The learning rate,
set at 0.1, ensured gradual convergence while maintaining
model stability. The effectiveness of the final model was
assessed using two key metrics: the correlation coefficient (R)
and the root mean square error (RMSE).**> The R coefficient
was used to determine the model's ability to explain the vari-
ance in the results obtained, while the RMSE was used to
measure the average deviation between predictions and exper-
imental values.>*’

3. Results and discussions

3.1. Catalytic characterization

3.1.1. ATR-FTIR analysis. ATR-FTIR spectroscopy is a tech-
nique that utilizes the infrared absorption bands of a molecule
to identify its chemical groups. The various chemical bonds
oscillate at specific frequencies when subjected to infrared
light. By examining and interpreting these absorbed frequen-
cies, one can ascertain the functional groups present in pure
ZnO and the silver-modified ZnO powders were subjected to
ATR-FTIR spectroscopy analysis.

Moreover, ATR-FTIR analyses confirmed the formation of the
different crystallographic phases of ZnO prepared by sol-gel
method, with significant absorption bands observed in the
following wavelentgh (or frequency): 2952, 1643, 1564, 658 cm ™"
and they correspond to the functional group OH, respectively.
The location of the bands at 2952 and 1564 cm ' can be
attribueted to the C-H groups of the organic compound (PVA).
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In addition, the results confirmed that the modified samples
show a peak corresponding to the silver, and thier intensity
increases as the concentration of the doping agent increases.
Finally, another pic has been detected at 510 cm™ ', which can
be attributed to Zn-O bond vibrations. Attenuated Total
Reflectance-Fourier Transform Infrared (ATR-FTIR) spectros-
copy is a robust analytical method that utilizes the infrared
absorption bands of molecules to ascertain the precise chemical
groups present in a sample. Exposure to infrared light causes
different chemical bonds inside a molecule to oscillate at
specific frequencies. This work has analyzed the chemical
structures of both pure ZnO and silver-modified ZnO powders
using ATR-FTIR spectroscopy.

The ATR-FTIR results reveale the existence of several crys-
tallographic phases of ZnO perpared through the sol-gel tech-
nique. Prominent absorption bands were seen at distinct
wavelengths, specifically at 2952, 1643, 1564, and 658 cm ™ *. The
bands correspond to distinct functional groups, with the band
at 2952 cm ™' and the one at 1564 cm ™" attributable to the C-H
stretching and bending vibrations of the chemical molecule
polyvinyl alcohol (PVA) utilized in the production process. The
existence of these bands signifies the conservation of organic
constituents inside the ZnO matrix, potentially contributing to
structural stabilization.

Additionally, the investigation demonstrated that the altered
ZnO samples displayed a unique peak associated with silver.
The peak's strength notably increased with larger doses of the
silver doping agent, indicating effective incorporation of silver
into the ZnO matrix. The heightened intensity signifies
improved surface contacts and possible synergies between
silver and ZnO, advantageous for diverse applications such as
catalysis, and sensing.

Apeak seen at 510 cm ™ was ascribed to the vibrations of Zn-
O bonds, hence corroborating the effective synthesis of ZnO.
This peak is essential as it offers insight into the bonding
properties and structural integrity of the ZnO network under-
scoring the significance of the sol-gel technique in the
production of high-quality ZnO materials. The ATR-FTIR spec-
troscopy results elucidate the chemical and structural charac-
teristics of both pure and silver-modified ZnO, facilitating its
prospective applications in advanced materials research (Fig. 1).

3.1.2. X-ray diffraction. XRD analysis was conducted to
examine the composition, determine the phase structure, and
evaluate the purity of the synthesized oxides. Fig. 2 illustrates
the XRD pattern of pure ZnO and Ag:ZnO with different Ag
concentrations (1, 2, 2.5 and 3 wt%). Pure ZnO NPs showed
a diffraction peaks at 26 values of 31.94°, 34.59°, 36.43°, 47.69°,
56.75°, 63°, 66.52°, 68.01° and 69.23° associated to the wurtzite
hexagonal phase of ZnO (JCPDS card no. 036-1451),*® that
corresponds to diffraction of the (100), (002), (101), (102), (110),
(103), (200), (112) and (201) planes, respectively. Also, It was
marked that no additional peaks corresponding to impurities
were detected, that indicate the high purity of the prepared ZnO
phase.

For the observation of XRD patterns of Ag:ZnO NPs showed
the presence of two minor diffraction peaks indicated the
formation of crystalline silver clusters within the ZnO

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 1 ATR-FTIR analysis ZnO, Ag:ZnO (1%), Ag:ZnO (2%), Ag:ZnO (2.5%), Ag:ZnO (3%) samples, respectively.

nanoparticles at 38, 29° and 44, 46° which are related to the (fcc)
face centered cubic of the element metallic silver (JCPDS card
no. 04-0783)* and can be assigned as Ag(111) and Ag(200)
planes, respectively. This materials modfication could enhance
the photocatalytic performances by improving the charge
separation and light absorption.

The diffractograms obtained from the Ag:ZnO samples
revealed a clear absence of peaks associated with impurity
phases, notably those characteristic of silver oxide. This finding
is significant as it suggests that the synthesis process effectively
prevented the formation of unwanted by-products that could

compromise the material's properties. Additionally, comparing
the Ag:ZnO composite to pure ZnO the analysis showed no
significant shifts in peak positions. This stability in peak posi-
tioning indicates the silver particles are predominantly situated
on the surface of the ZnO nanoparticles, rather than infiltrating
the ZnO lattice structure.®

The lack of intermixing between silver and zinc also rules out
the possibility of silver ions substituting for zinc sites within the
ZnO crystal structure. Such behavior is critical, as it maintains
the integrity of the ZnO matrix, ensuring its inherent properties
remain intact. This surface localization of silver is advantageous
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Fig. 2 XRD patterns of ZnO, Ag:ZnO (1%), Ag:ZnO (2%), Ag:ZnO (2.5%), Ag:ZnO (3%) samples.
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for applications where surface interactions play a vital role, such
as in catalysis and photocatalysis, where surface phenomena
can significantly influence the reactivity and efficiency of the
materials. Overall, these results give valuable information on
the structural characteristics of the Ag:ZnO system and high-
light the potential for tailored applications without the
complications introduced by impurity phases.

3.1.3 Scanning electron microscopy (SEM) analysis. Fig. 3
shows the surface morphology of Ag:ZnO and pure ZnO nano-
particles. The images demonstrate that both nanoparticle forms
possess a quasi-spherical morphology that indicate a compa-
rable structural property. One explanation for the resemblance
is the uneven dispersion of silver dopants on the ZnO nano-
particle surface. Consequently, the nanoparticles exhibit
asymmetrical geometries and the aggregation of diminutive
crystalline entities. This aggregation may affect the overall
characteristics of the materials and emphasizing the intricate
interactions between the ZnO matrix and the silver dopants.*

3.1.4. Elementary analysis (EDS). The chemical purity and
elemental composition of Ag:ZnO and pure ZnO NPs were
meticulously examined using Energy Dispersive Spectroscopy
(EDS), as depicted in Fig. 4. This approach facilitated the precise
identification of elemental elements inside the samples. The

View Article Online
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EDS results verified the existence of zinc (Zn), oxygen (O), and
silver (Ag) by identifying their distinctive peaks in the spectrum.
This study offers compelling evidence for the effective integra-
tion of silver into the ZnO nanoparticles, demonstrating that
the doping technique successfully modified the material's
composition without adding substantial contaminants.

Furthermore, the elemental analysis disclosed the relative
quantities of each element in the samples, which is essential for
comprehending how doping with silver affects ZnO's proper-
ties. Table 1 presents a detailed description of the EDS data,
illustrating the quantitative measures that underscore the effi-
cacy of the doping process and the overall chemical purity of the
produced materials. This result not only corroborates the
synthesis process but also establishes a foundation for subse-
quent inquiries into the functional properties of silver-doped
ZnO nanoparticles, especially in applications like catalysis
and photocatalysis.

3.1.5. Optical properties. To investigate the optical char-
acteristics of the nanoparticles and assess the impact of silver
doping on the ZnO lattice, UV-visible spectroscopy was used.
With the reflectance measurement, we can calculate a function
representing the absorption coefficient («) of the samples. This
function is called the Kubelka-Munk function (KM):*>

Fig. 3 Scanning electron microscopy images of ZnO, Ag:ZnO (1%), Ag:ZnO (2%), Ag:ZnO (2.5%), Ag:ZnO (3%) samples, respectively.
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Fig. 4 EDX identification of ZnO, Ag:ZnO (1%), Ag:ZnO (2%), Ag:ZnO (2.5%), Ag:ZnO (3%) samples.
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The effective absorption coefficient («) varies with (E,) the
optical band gap and with the energy of the absorbed photon
(hv) according to the Tauc equation:*

Table 1 Chemical composition of the prepared ZnO, Ag:ZnO (1%), Ag:ZnO (2%), Ag:ZnO (2.5%), Ag:ZnO (3%) samples

Pure ZnO Ag:ZnO (1%) Ag:Zn0 (2%) Ag:ZnO (2.5%) Ag:Zn0 (3%)
Element (Wt%) (Wt%) (Wt%) (Wt%) (Wt%)
Zn 82.37 46.99 74.12 71.81 73.67
O 11.21 16.04 15.14 13.87 14.81
C 6.42 36.25 8.14 11.58 8.27
Ag 0 0.72 2.6 2.74 3.35

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 5 The (ahv)? vs. (hw) curves for band gap determination of the pure ZnO and the Ag:ZnO.

(ahv)'" = B(hv — Ey) (4)

where 7 is Planck’s constant, v is the frequency, B is a constant
and generally called band tailing parameter, and exponent n
depends on the transition type. For the direct transition, the
value of n is equal to 1/2. The intercept between the x-axis (Av)
and the tangent line at the inflection point gives the experi-
mental band gap of the powder samples.**

31774 | RSC Adv, 2025, 15, 31767-31787

Band gaps of 3.15 eV, 3.07 eV, 3.01 eV, 3.05 eV, and 3.06 eV
were determined for pure ZnO and the 1, 2, and 2.5, 3 wt%
Ag:ZnO NPs, respectively as seen in Fig. 5.

It was observed that the modification of ZnO nanoparticles
with Ag reduced the optical band gap compared to pure ZnO
NPs, This decrease in band gap energy increases the photo-
activity of the Ag:ZnO catalyst when exposed to visible light.

© 2025 The Author(s). Published by the Royal Society of Chemistry
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3.2. Photocatalytic activity and degradation kinetics

The impact of several parameters affecting the photo-
degradation of cefuroxime in the presence of modified ZnO
under sunlight is thoroughly examined in the subsequent
experiments. The parameters encompass the concentration of
cefuroxime, the dose of the modified ZnO photocatalyst, the pH
of the reaction solution, and the duration of sunlight exposure.
The effects of alterations to ZnO, including metal or nonmetal
doping and the integration of co-catalysts such silver nano-
particles, are examined to assess their contribution to
improving photocatalytic efficiency. The interaction of these
elements is essential in ascertaining the degradation rate, the
efficacy of mineralization, and the overall performance of the
photocatalyst under sun irradiation. The research offers
significant insights for enhancing reaction conditions and
augmenting the practical use of modified ZnO for environ-
mental remediation.

3.2.1. Effect of doping percentage. This part of work
investigates the impact of various silver doping ratios (1%, 2%,
2.5%, and 3%) on ZnO nanoparticles on the photocatalytic
degradation efficiency of cefuroxime (CFX). Experiments were
conducted under uniform operating conditions, utilizing
a catalyst dosage of 0.1 g L™' in a pH-neutral solution and
a constant initail CFX concentration of 10 mg L™". The photo-
catalytic efficiency of each doping ratio was assessed by
observing the degradation rate of CFX under solar irradiation,
with the objective of identifying the optimal doping level for
rate efficiency.

In contrast to the undoped ZnO nanoparticles, the silver
doped ZnO nanoparticles had the best removal effectiveness for
CFX after 180 minutes, as seen in Fig. 6 below. The photo-
catalytic activity of ZnO considerably boosted when the silver
concentration was raised to 2 wt%. However, photocatalytic
efficiency decreased as the silver concentration went beyond
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Fig. 6 Effect of doping percentage on percentage degradation of CFX
(catalyst dose 0.1 g L%, CFX conc. 10 ppm and free PH).
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Two weight percent (2 wt%), underscoring the need of figuring
out the ideal silver doping ratio. Additionally, the studies have
also shown that there is an optimum amount of Ag-doped ZnO,
and there are different optimum amounts of Ag depending on
the synthesis method and the dispersion of silver within Zn0O.*

At moderate Ag concentrations a photocatalytic enhance-
ment is observed due to the significant reduction in electron-
hole interaction on the catalyst surface upon exposure to
sunlight. When Ag’ ions are incorporated into the crystalline
structure of ZnO nanoparticles, they modify the electronic
structure of the generated species. These silver cations attract
the excited electrons from the valence band, effectively pre-
venting their recombination and thereby inhibiting hole-elec-
tron recombination within the semiconductor. Consequently,
silver and the liberated electrons in the conduction band
generate more superoxide on the ZnO surface. At the same time,
the holes exhibit strong oxidizing properties, leading to the
formation of hydroxyl radicals through reactions with water
molecules. The increased production of superoxide and
hydroxyl radicals, coupled with the suppression of hole-elec-
tron recombination, contributes to improved oxidation-regen-
eration reactions. As a result, CFX elimination efficiency under
solar radiation is improved by the oxidation-regeneration
events, guaranteeing more efficient photocatalytic degrada-
tion.*” At high Ag concentrations, secondary phases such as AgO
can form, disrupting the crystal structure of ZnO, moreover Too
high an Ag concentration can cover the active sites of ZnO, thus
reducing the surface area available for adsorption of reactants
and decreasing photocatalytic efficiency, which explains the
presence of a doping optimum.*>*

Since, the best CFX degradation efficiency (%) was observed
with 2 wt% Ag:ZnO, subsequent the other experiments were
completed using this dosage ratio of silver doped ZnO
compared to higher doping concentrations of 2.5% and 3% Ag-
doped ZnO. This enhancement can be attributed to the pro-
longed lifetime of charge carriers, as the photogenerated elec-
trons are effectively trapped, thereby suppressing electron-hole
recombination during irradiation. Metal nanoparticles incor-
porated into the ZnO matrix, especially those involving heavy or
noble metal ions, act as electron sinks, leading to improved
photocatalytic performance.** The photocatalytic degradation
of CFX can be formally described by the Langmuir-Hinshel-
wood kinetic model:

dCc  kKC -
dr ~ T+KC

F=—

where, r: the pollutant degradation rate (mol (L™" min™")), k:
reaction rate constant (mol (L™ " min ")), K: adsorption constant
of the reactant (L mol™'), C: pollutant concentration (mol
L.

When the adsorption is relatively weak and the concentra-
tion of the reactant is low (KC < 1), by ignoring KC in the
denominator and integrating by time ¢, the above equation can
be simplified to the pseudo-first order kinetic model equation:

In (%) — ke (6)
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Table 2 Photodegradation percentage and kinetic parameters for the photodegradation of CFX on pure ZnO and Ag:ZnO with different (wt%)

Catalyst type Ag (Wt%) k (min™") R? ¢Y% (min) Photodegradation (%)
Pure ZnO — 0.015 0.98 46.2 97.19
Ag-doped ZnO 1 0.017 0.99 40.77 99.75
2 0.026 0.98 26.65 99.97
2.5 0.009 0.99 77.01 99.77
3 0.016 0.98 43.32 99.63
The concentrations of CFX in the aqueous solution at
a specific irradiation time are expressed by C, and C,, where as k 100 s = 3
represents the apparent rate reactions constant. The rate e
constant (k) and the coefficient of correlation data are shown in
Table 2. g 80 F
The rate constant (k) for each experiment was calculated by .
determining the slope of the plot of the linear relationship of In g 60 - s
C,/C with irradiation time (Fig. 7). gb
3.2.2. Effect of catalyst dose. The impact of catalyst amount = g
on the rate of CFX photodegradation is illustrated in Fig. 8, % 407
experiments were conducted using various Ag-ZnO amounts £ 005 21
Rangong from 0.05 to 0.4 g L™ ", to investigate its influence on 20 o :jt
the photodegradation efficiency. The results demonstrated +gz gi
a noticeable trend, with the degradation improving as the Ag- )
T T T T T T T

ZnO dosage increased up to 0.1 g L™ in a 10 mg L™' CFX
solution. However, further increases in the catalyst dosage did
not significantly impact the degradation process. This behavior
can be partially explained by the increased turbidity of the
reaction medium at higher catalyst concentrations, which
significantly hinders light penetration through the suspension
and consequently reduces the photoactivation volume.
Although this effect was not quantitatively evaluated in the
present study via UV-Vis transmittance or scattering measure-
ments, a marked increase in opacity was consistently observed
during the experiments with higher catalyst loadings. This

Q@ 1Ag-7n0 °
@ 2Ag-ZnO
@ 25Ag-Zn0
1,5 1 3Ag-Zn0
@ ZnO 9

Ln C/Cy

Time (min)

Fig. 7 CFX photodegradation first order kinetics plot (catalyst dosage
0.1g L%, CFX conc. 10 mg L! and free pH).
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Fig. 8 Effect of catalyst amount on percentage degradation of CFX
(CFX conc. 10 ppm, free pH).

observation is consistent with previous findings in the litera-
ture, where excessive photocatalyst concentrations have been
shown to scatter or block incident light, thereby diminishing
photocatalytic performance.®® A detailed optical characteriza-
tion will be considered in future work to provide quantitative
evidence supporting this phenomenon (Fig. 9).°

3.2.3. Effect of initial CFX concentration. The photo-
degradation efficiency of CFX at various preliminary concen-
trations (10, 20, 30, 40, and 50 mg L™ ') was examined, as
depicted in Fig. 10, under experimental conditions of a catalyst
dose of 0.1 g L' and free pH. The results reveal a notable
behavior, when the concentration of CFX rises, the photo-
degradation effectiveness progressively reduces. Furthermore,
at high CFX concentration a more molecules are available, the
solution becomes optically denser, reducing the light penetra-
tion through the catalyst suspension. This diminished light
penetration inhibits the activation of the photocatalyst, further
reducing its efficiency. Moreover, the CFX molecules in solution
may function as light-absorbing agents, obstructing the catalyst
surface from light and hindering the photocatalytic activity. is
available to generate superoxide and hydroxyl radicals
(Fig. 11).

3.2.4. Effect of pH. As indicated in previous studies,* the
pH value is a crucial factor that greatly affects the efficiency of
photodegradation processes. The current study evaluate the

© 2025 The Author(s). Published by the Royal Society of Chemistry
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Fig. 9 CFX photodegradation first order kinetics plot (CFX conc.
10 ppm, free pH).

influence of starting pH on the photodegradation of CFX across
a pH interval of 3 to 10. The tests performed utilized a catalyst
quantity of 100 mg L™, an irradiation duration of 180 minutes,
and a constant initial CFX concentration of 10 mg L.

The surface charge at a specific pH, called the point zero
charge (pHPZC) directly impacts the efficiency of the photo-
catalytic process by influencing the catalyst's capacity to attract
or repel target molecules, the result of previose study revealed
a pHPZC = 7.6 for Ag:ZnO (2%).°® This finding suggests that
there is a positive charge below and a negative charge above the
Ag:ZnO (2%) surface at this pH.*

According to Fig. 12, which illustrates the influence of pH on
the rate of photodegradation, the degradation rate increased as
the pH rose from 3 to 6, reaching an optimal level at pH 6.
However, when the pH increased further from 8 to 10, the
degradation rate began to decline. This trend suggests that the
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Fig. 10 Effect of initial CFX concentration on percentage degradation
of CFX (catalyst dose 0.1 g L%, free pH).
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Fig. 11 CFX photodegradation first order kinetics plot (catalyst dose
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photocatalytic activity of the system is highly pH-dependent,
with acidic to near-neutral conditions favoring higher degra-
dation rates, while alkaline conditions lead to a reduction in
efficiency, at more acidic pH, specifically at pH = 3, the rate of
CFX photodegradation decreases, and this is due to several
factors. First, at this low pH, some CFX molecules can become
more protonated, acquiring a positive charge. This contributes
to an elctrostatic repulsion forces between the catalyst surface
(positively charged at this pH) and the CFX molecules prevent-
ing the effective adsorption of pollutant molecules on the
catalyst surface where hydroxyl radicals are produced.”” An
additional factor that may contribute to the photodegradation
process's decreased activity is the dissolving of partial ZnO from
the catalyst surface in pH 3, this degradation of the catalyst
material further reduces its photocatalytic efficiency.”
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Fig. 12 Effect of pH on percentage photodegradation of CFX (catalyst
dose 0.1 g Lt and CFX conc. 10 mg LY.
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By increasing the pH to 6, the surface of the catalyst charge is
sufficient to attract the non-bonding electrons of the nitrogen
and oxygen atoms of the CFX molecules, which are not
protonated at this pH with the positively charged sites on the
surface of the catalyst, and consequently the rate of photo-
degradation increases.

As the pH is apporixmately 8, the catalyst's surface charge is
almost zero charge and there is no attraction to the CFX
molecules. At this neutral state, resulting in a lower degradation
rate, and above this pH, the repulsion between the negatively
charged surface of 2% Ag-ZnO and the unbound electron pairs
of CFX's amino groups leads to a decrease in photodegradation
efficiency.”

When the pH exceeds 8, the catalyst surface acquires
a negative charge. The negatively charged surface induces
electrostatic repulsion with the lone pairs of electrons on the
amino groups of the CFX molecules. This repulsion further
impedes adsorption by obstructing effective interaction
between the CFX molecules and the catalyst's active sites. The
formation and use of reactive oxygen species, such as hydroxyl
and superoxide radicals, are impeded, resulting in a marked
decrease in photodegradation efficiency.

3.3. Scavenging study

Photocatalytic degradation occurs when hydroxyl ("OH) and
superoxide ("O,7) free radicals, with photogenerated electron-
hole pairs (e, h') interact together and degrade contaminant
molecules in the aqueous phase.”” To understand the CFX
photocatalytic degradation mechanism under sunlight, trap-
ping experiments were carried out to identify the active radical
species involved in order to gain a deeper understanding of the
CFX photocatalytic degradation mechanism under sunlight, by
introducing different scavengers including EDTA-2Na, p-
benzoquinone (BZQ), and isopropanol (IPA) as quenchers of
superoxide radical hole (h"), ("O,7) and hydroxyl radical (OH"),
respectively.”>”* By lowering the proportion active species, these
scavengers were used to stop further reactions.

As shown in Fig. 13, the introduction of scavengers such as
isopropanol (IPA), p-benzoquinone (BZQ), and EDTA-2Na into
the reaction system significantly reduces the photocatalytic
degradation efficiency of CFX. Specifically, the degradation rate
drops to 23.45%, 81.54%, and 91.32%, respectively, compared
to the nearly complete degradation (99.87%) observed in the
absence of scavengers in an aqueous medium.

This substantial reduction in degradation efficiency
demonstrates the critical role of reactive species in the photo-
catalytic process. Among the scavengers tested, IPA, which
quenches hydroxyl radicals ("OH), causes the most pronounced
decline in degradation efficiency. This indicates that the main
active species causing the photodegradation of cefuroxime are
hydroxyl radicals.

BZQ, which targets superoxide radicals (O, "), also reduces
the degradation efficiency but to a lesser extent than IPA, sug-
gesting that superoxide radicals play a supporting but less
dominant role. Similarly, the effect of EDTA-2Na, a scavenger
for photo-generated holes (h"), indicates that these charge
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Fig. 13 Scavengers study of CFX degradation over Ag:ZnO (2%) NPs.

Table 3 Kinetic parameters related to the photocatalytic degradation
of CFX for different dose of Ag:ZnO (2%)

Catalyst dose (g L™") k (min~') R* "> (min) Photodegradation (%)

0.05 0.012 0.99 57.76 94.41
0.1 0.027 0.9 25.67 99.97
0.2 0.059 0.99 11.74 99.4

0.3 0.073 0.98 9.49 98.87
0.4 0.072 0.90 9.6 98.81

carriers contribute to the degradation process, albeit less
significantly than hydroxyl radicals (Table 3).

The quantitative contribution of each reactive species ("OH,
0,"7, h') was estimated using a kinetic approach. The rate
constants k were calculated according to the pseudo-first-order
kinetic model. The following table summarizes the rate
constants obtained and the relative contributions of each
species.”

Relative contribution (%) = kvlvit_h];% x 100 (7)

From these observations, it is clear that hydroxyl radicals
("OH) are the primary species driving the photocatalytic degra-
dation of CFX (Fig. 14).

3.4. Mechanism of photodegradation

The photocatalytic degradation mechanism of CFX using
Ag:ZnO nanoparticles under solar irradiation can be divided
into two fundamental and synergistic stages: (i) adsorption of
pollutant molecules and (ii) photoinduced redox reactions
leading to mineralization.

In the initial step, CFX molecules diffuse toward and adsorb
onto the surface of the photocatalyst. This adsorption is gov-
erned by multiple factors, including surface area, catalyst
charge (dependent on pH), and functional groups present on

© 2025 The Author(s). Published by the Royal Society of Chemistry


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra04447b

Open Access Article. Published on 19 September 2025. Downloaded on 10/4/2025 10:14:49 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

Paper
)
1.6 4 @ No scavenger|
’ @ EDTA-2Na
BZQ L]
1,4 @ IPA

Time (min)

Fig. 14 CFX photodegradation first order kinetics plot by introducing
different scavengers.

both the photocatalyst and the pollutant. The formation of
stable surface complexes facilitates intimate contact between
CFX and the photoactive sites, thereby enhancing subsequent
photochemical interactions.

Upon solar light irradiation, ZnO absorbs photons with
energy equal to or greater than its band gap, triggering the
excitation of electrons (e”) from the VB to the CB, leaving
behind positively charged holes (h") in the VB:

ZnO + v — ZnO (h+(VB)) + ZnO (ef(CB)) (8)

However, a critical challenge in conventional ZnO photo-
catalysis is the rapid recombination of these photogenerated
e /h" pairs, which significantly reduces the formation of ROS.
To circumvent this, Ag nanoparticles are introduced as electron
sinks due to their lower Fermi level compared to the CB of ZnO.

Photocatalytic
treatment

Fig. 15 Plausible photocatalytic degradation mechanism of CFX.
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This energy gradient enables efficient electron transfer from
ZnO to Ag, leading to spatial charge separation:

e Ag nanoparticles capture and store photogenerated elec-
trons, while holes remain in ZnO. This not only prolongs the
lifetime of charge carriers but also suppresses recombination,
resulting in more active species available for redox reactions.*”

Ag" + e (cp — Ag 9)

The electrons accumulated in Ag nanoparticles or in ZnO's
CB reduce molecular oxygen dissolved in water to form super-
oxide radicals:

02 + ef(CB) i 02.7 (10)
These O,"~ species can undergo further reactions with water
to generate OH', which are highly oxidative:

02.7 + Hzo - HOZ' + OH" (11)
Simultaneously, the photogenerated holes in the VB oxidize
hydroxide ions or water molecules to form additional OH’
radicals:
OH™ + h+(VB) — OH" (12)
‘OH and ‘O, are the primary oxidizing agents responsible
for attacking and decomposing the CFX molecule through
a series of oxidative steps, ultimately leading to its mineraliza-
tion into non-toxic end-products:*®

0,"” + OH" + CFX = H,0 + CO, (13)
The overall photodegradation thus combines photoinduced
charge generation, enhanced charge separation by Ag, and
formation of ROS to ensure efficient pollutant breakdown.
The scavenger experiments conducted in this study further
validate the mechanistic pathway. The presence of isopropanol

RSC Adv, 2025, 15, 31767-31787 | 31779
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Table 4 Kinetic parameters related to the photocatalytic degradation
of CFX (catalyst amount 0.1 g L™, free pH)

View Article Online

CFX initial &k (min™") R? ¢Y? (min)  Photodegradation (%)
10 0.024 0.998 28.32 99.91

20 0.016 0.998 43.32 98.2

30 0.01 0.997 69.31 95.27

40 0.009 0.997 77.01 89.63

50 0.006 0.993 115.52 84.24

("OH scavenger) caused the most significant decrease in
degradation efficiency, confirming that ‘OH is the dominant
reactive species. Lesser inhibition by benzoquinone and EDTA-
2Na indicates that O, and h' also contribute, albeit to
a smaller extent.

The proposed photocatalytic degradation mechanism of CFX
using Ag-doped ZnO nanoparticles under solar irradiation is
schematically illustrated in Fig. 15. This figure visually
summarizes the sequence of physicochemical processes
involved, starting from the photoexcitation of ZnO and the
subsequent migration of electrons to Ag nanoparticles, leading
to the formation of ROS such as "OH and "O, . These ROS
actively participate in the oxidative degradation and minerali-
zation of CFX into benign end-products such as CO, and H,O.
The figure also highlights the crucial role of Ag in enhancing
charge separation and extending the catalyst's activity into the
visible region, thereby improving the overall photocatalytic
efficiency.

3.5. Mineralization of cefuroxime (CFX)

The photocatalytic efficiency of the 2% Ag-ZnO nanocomposite
was assessed under solar irradiation, with emphasis on both the
molecular degradation of CFX and the extent of its minerali-
zation. The degradation process was followed by quantifying the
decrease in CFX concentration over time, whereas mineraliza-
tion was determined by measuring TOC removal, indicative of
complete oxidation to inorganic end-products (Table 4).

The photocatalytic efficiency of the 2% Ag-ZnO nano-
composite was assessed under solar irradiation, with emphasis
on both the molecular degradation of CFX and the extent of its
mineralization. The degradation process was followed by
quantifying the decrease in CFX concentration over time,
whereas mineralization was determined by measuring TOC
removal, indicative of complete oxidation to inorganic end-
products (Table 5).
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Fig. 16 CFX photodegradation and mineralization efficiencies in the
presence of 2% Ag-ZnO under sunlight irradiation.
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Fig. 17 Reusability of Ag:ZnO (2%) NPs toward photodegrdation of
CFX.

Cefuroxime underwent rapid degradation under photo-
catalytic irradiation, with near elimination achieved in
approximately 160 minutes. In contrast, mineralization pro-
ceeded more gradually, reaching 85.9% after 280 minutes. This
difference suggests the formation of intermediate organic
compounds during photocatalysis. These compounds tend to
resist further oxidation by reactive oxygen species, particularly
‘OH, requiring prolonged irradiation time to be completely
oxidized to CO, and H,O.

Table 5 Scavengers used with the oxidizing species trapped, the apparent reaction rate constant (k) and the relative contribution

Scavenger Trapped species k (min™") Relative contribution (%) R

No scavenger — 0.02673 — 0.99254
EDTA-2Na h* 0.02451 8.3 0.099039
BZQ ‘O, 0.01689 36.81 0.98982
IPA ‘OH 0.00311 88.36 0.98648
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Fig. 18 XRD patterns of recycled Ag:ZnO (2%) NPs before and after
photodegradation cycles.

3.6. Recyclability and structural retention of the 2% Ag-ZnO
photocatalyst

The practical implementation of photocatalytic systems largely
depends on their recyclability and stability under repeated use.
To investigate the reusability potential of the synthesized 2%
Ag-ZnO photocatalyst, a series of five consecutive degradation
experiments of CFX were conducted under optimized solar-
driven conditions, with each run lasting 180 minutes. The
catalytic performance for each cycle is illustrated in Fig. 16.
After each reaction, the photocatalyst was recovered by
filtration, thoroughly washed with distilled water to eliminate
residual organic species, and dried at 100 °C for 8 hours prior to
reuse.* Throughout the five cycles, the photocatalyst main-
tained high photocatalytic efficiency, with only a slight decrease
of approximately 21% in CFX removal efficiency, highlighting
its stability and suitability for repeated application (Fig. 17).
This minor decline in performance could be attributed to two
primary factors partial loss of photocatalyst material during the
recovery steps and progressive accumulation of intermediate
organic compounds that may block surface pores and active
sites, consequently reducing the specific surface area and active

Table 6 Performances of the best model of DT_LSBOOST
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interaction zones of the catalyst.” To assess possible structural
alterations after repeated use, XRD analysis was performed. As
depicted in Fig. 18, the XRD patterns before and after the fifth
cycle show no significant variation in diffraction peak positions,
confirming that the crystalline structure of the 2% Ag-ZnO
catalyst remained intact after multiple photocatalytic
operations.

3.7. Decision tree coupled with the least squares method

As mentioned earlier, hyperparameter optimization was per-
formed to identify the best performing model to accurately
predict the different output variables. This step is essential to
ensure an optimal compromise between model complexity and
generalization capacity. The results of this optimization, pre-
sented in Table 6, highlight the final selected hyperparameters,
which led to the maximum improvement in the performance of
the DT_LSBOOST model.

The optimized DT _LSBOOST model exhibits remarkable
performance (Table 6), as evidenced by the extremely high R,
close to 1 for all datasets. With values of 0.9996 for training,
0.9995 for testing, and 0.9998 for validation, the model
demonstrates near-perfect correlation between predicted and
experimental values. This exceptional accuracy reflects the
model's ability to faithfully capture the relationship between
input variables and the response under study, thus ensuring
optimal prediction reliability. In addition, the RMSE remains
very low, with 0.8634 for training, 0.8817 for testing, and 0.8234
for validation. These low values indicate that the differences
between predicted and actual values are minimal, thus rein-
forcing the model's robustness. Furthermore, the small differ-
ence between training and testing performance suggests that
the model is not subject to excessive overfitting, confirming its
ability to generalize well to new data.

Hyperparameter optimization played a key role in the
model's effectiveness. A reduced number of leaves (min leaf
size: 1) and a minimum parent node size of 2 enabled detailed
modeling while avoiding excessive fragmentation. A learning
rate of 0.2 allowed for gradual weight updates, balancing rapid
convergence and stability. Furthermore, the use of 200
maximum splits and the inclusion of surrogates to handle
missing values enhanced the model's accuracy.

Min leaf size: 1

Learnrate: 0.2

Surrogate: All

Min parent size: 2

Number of learng cycles: 20
Max number splits: 200

Coefficients of correlation RMSE
Train Test VAL All Train Test VAL All
0.9996 0.9995 0.9998 0.9996 0.8634 0.8817 0.8234 0.8516

© 2025 The Author(s). Published by the Royal Society of Chemistry
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mental and predicted sample data, (b) the error distribution and (c)
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Fig. 19 visually displays the results of the DT_LSBOOST
model, comparing the predicted values to the experimental
values.

Overall, these results demonstrate extremely high-
performance modeling, capable of providing reliable and
accurate predictions. The observed stability between the
training, test and validation sets demonstrates the quality of the
model, which can be used with confidence for the optimization
and prediction of the photodegradation rate of CFX in the
presence of Ag:ZnO.

3.7.1. Residues study. This section provides an in-depth
evaluation to measure the effectiveness of the selected model.
The analysis is based on the residual method, combined with
two types of histograms: one illustrating the distribution of
errors across all cases studied and the other representing the
error frequency during the training, testing, and validation
phases.”””® The residual method allows a direct comparison
between experimental values and model predictions by inte-
grating all data from the different phases. This approach was
implemented to detect potential systemic anomalies or incon-
sistencies in the model predictions.**** The results, presented
in Fig. 20a, confirm that the model's accuracy is consistent with
the experimental data. In addition, a detailed error analysis was
performed using a histogram illustrating the deviations
between observed and predicted values (Fig. 20b). This repre-
sentation allows for examining model variability and identi-
fying potential error trends.*>** Additionally, an error frequency
study was conducted for each phase (training, testing, and
validation) to assess the robustness of the model. Fig. 20c
illustrates this analysis, providing a detailed view of the error
distribution and allowing the reliability of the model's predic-
tions to be judged.®*>*

Fig. 20a shows the overlay of experimental and predicted
values, revealing a close correspondence between these two
datasets. This correlation highlights the model's ability to
provide predictions extremely close to actual values, thus
attesting to its accuracy and effectiveness in modeling the
analyzed phenomenon.

Fig. 20b illustrates the error distribution, indicating that
approximately 200 errors out of a total of 242 observations are
around zero. This concentration suggests that the majority of
deviations between observed and estimated values are very

Table 7 Results of optimisation optimal and validation

View Article Online

RSC Advances

small, falling within a narrow range of [—2.5; 2.5]. This distri-
bution of errors demonstrates that the model is capable of
generating highly accurate predictions, with minimal deviation
from actual values. Finally, Fig. 20c confirms the model's
excellent performance by showing that errors remain predom-
inantly centered around zero throughout the training, testing,
and validation phases. This consistency across all training steps
indicates a high robustness of the model, which maintains
a low margin of error regardless of the dataset used. These
results demonstrate not only the accuracy of the model, but also
its ability to generalize effectively, thus ensuring reliable and
consistent predictions across all analyzed data.

3.7.2. Optimization of optimal conditions using the drag-
onfly algorithm. The DA is an optimization metaheuristic
inspired by the collective behavior of dragonflies during
foraging and migration. It is based on five key forces: separa-
tion, alignment, cohesion, attraction to a food source, and
predator avoidance.®” These forces enable agents to efficiently
explore the search space and converge toward optimal solu-
tions. In its exploration phase, dragonfly favors solution
dispersion to avoid local minima, while in its exploitation
phase, it refines solutions by promoting convergence toward the
best values found.* Thanks to this balance between exploration
and exploitation, DA is widely used to solve complex optimiza-
tion problems in various fields, including engineering, artificial
intelligence, and network optimization. Compared to other
evolutionary algorithms, DA stands out for its simplicity of
implementation, its ability to handle multidimensional search
spaces, and its rapid convergence.?” However, like any meta-
heuristic algorithm, its effectiveness depends on the param-
eter settings and the problem to be addressed.*” To improve its
performance, it is often coupled with other techniques, such as
machine learning algorithms or hybrid optimization strategies.

DA was used in this study to identify optimal CFX degrada-
tion conditions based on the DT_LSBOOST model, designed
and validated in this work. DA optimizes the DT_LSBOOST
model parameters and determines the best input variable
configurations to improve the accuracy of CFX degradation
predictions. Its use also aims to optimize the model's efficiency
by identifying the most favorable conditions for the degradation
process, while taking into account the complexity of interac-
tions between the various influencing factors.

DA:
Agent search number: 50
Number of iterations: 100

Concentration of CFX: 50 mg L ™"

Optimal condition

X1 =
180, X2 = 0.100, X3 = 50, X4 = 6.11, X5 = 2

Predicted CFX photodegradation rate
Experimental CFX photodegradation rate
Error

© 2025 The Author(s). Published by the Royal Society of Chemistry

85.1998%
84.2466%
0.9532%

RSC Adv, 2025, 15, 31767-31787 | 31783


http://creativecommons.org/licenses/by-nc/3.0/
http://creativecommons.org/licenses/by-nc/3.0/
https://doi.org/10.1039/d5ra04447b

Open Access Article. Published on 19 September 2025. Downloaded on 10/4/2025 10:14:49 PM.

Thisarticleislicensed under a Creative Commons Attribution-NonCommercial 3.0 Unported Licence.

(cc)

RSC Advances

The results of the optimization performed using the DA
algorithm, as well as the ideal conditions determined for CFX
degradation, are presented in Table 7. This table lists the
optimal parameter values obtained using the DT_LSBOOST
model and validated experimentally. In addition, the values
predicted by the model under these optimal conditions were
compared with the experimental results obtained after valida-
tion, allowing for an assessment of the model's reliability in
a real-world context. The deviation between predicted and
experimental values was also calculated and included in Table
7, highlighting the accuracy of the model in estimating the CFX
degradation rate. A low deviation between these values confirms
the model's ability to provide robust and reliable predictions,
thus demonstrating the effectiveness of the DT_LSBOOST
approach combined with DA optimization. These results vali-
date the application of this methodology to determine the best
experimental conditions and maximize the performance of the
studied process.

The optimization results obtained using DA (Table 7) were
carefully analyzed to identify the optimal experimental condi-
tions for CFX photodegradation. In this approach, the DA
algorithm was applied with 50 search agents and 100 iterations,
thus ensuring a thorough exploration of the parameter space.
The optimization allowed the determination of precise values
for the variables influencing the process: a reaction time of 180
minutes, a catalyst dosage of 0.1 g L™, an initial CFX concen-
tration of 50 mg L', a pH of 6.11, and a silver (Ag) doping
percentage of 2%. The DT_LSBOOST model, coupled with the
DA algorithm, was used to estimate the optimal CFX photo-
degradation rate under these conditions. The model's predic-
tions indicate a degradation rate of 85.1998%, while the
experiment revealed a very close value of 84.2466%. The

View Article Online
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difference between these two values was quantified by a relative
error of 0.9532%, demonstrating the model's high accuracy in
predicting the process under study. This low margin of error
confirms that the DA algorithm was particularly effective in
refining the experimental conditions and improving the
performance of the prediction model. Indeed, optimization
identifies the most influential parameters and maximizes the
efficiency of the CFX degradation process. Furthermore, the
consistency between the predicted and experimental values
demonstrates the robustness and reliability of the
DT_LSBOOST model under real-world conditions. These results
validate the combined use of the DA algorithm and the
DT_LSBOOST model for optimizing the CFX photodegradation
process. This methodology constitutes a promising approach to
precisely adjust experimental conditions, thus ensuring effi-
cient degradation of the pollutant while minimizing the
uncertainty of predictions.

3.7.3. Interface for optimization and prediction. An
advanced application was developed in MATLAB to accurately
predict the photodegradation rate of CFX based on experi-
mental conditions, using the DT_LSBOOST model (Fig. 21).
This application is based on the integration of an intelligent
modeling and optimization system, combining the robustness
of the DT_LSBOOST model for prediction and DA for parameter
optimization.

First, the application uses the DT_LSBOOST model to esti-
mate the photodegradation rate of CFX based on five input
parameters: reaction time (X1), catalyst dose (X2), initial CFX
concentration (X3), pH (X4), and Ag doping percentage (X5).

Next, an optimization module was integrated into the appli-
cation to identify the ideal experimental conditions that maxi-
mize CFX photodegradation efficiency. This optimization is

4 Application_for_optimization_and_prediction P X
Application for optimization and prediction of the degradation rate of CFX
1 Lower limit Upper limit Optimal 3
optimisation optimal Predicted rate of CFX
Reaction time 0 180 180 degradation
Lataiystcove 0.05 0.4 2 04
CFX concentration 50 50 DA 50 85.1998
pH 2 1 6.11
Ag doping
percentage 0 3 2
clear all
1 Inputs predict the degradation rate of
Reaction time 180 CFX Predicted rate of CFX
9 4 degradation 3
Catalyst dose 04 = cLC
CFX concentration 30 DT_LSBOOST 95.2731
pH 6
Ag doping
percentage 2

Fig. 21 MATLAB interface for predicting CFX photodegradation using DT_LSBOOST and optimization with the DA algorithm.
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performed using DA, which simulates the collective behavior of
dragonflies to explore the solution space and find the best
experimental parameters. The algorithm iteratively adjusts the
input variables to achieve an optimal degradation rate while
minimizing prediction errors. The application thus offers dual
functionality: (i) reliable prediction of the CFX photodegradation
rate based on the chosen experimental conditions and (ii) auto-
matic parameter optimization to maximize process efficiency. It
constitutes a powerful tool for researchers and engineers working
on advanced pollutant degradation, enabling a better under-
standing of the underlying phenomena and significantly
improving the performance of the system under study. Impor-
tantly, since the DT_LSBOOST model has been rigorously trained,
tested, and validated using experimental data with excellent
agreement between predicted and observed degradation rates
(less than 1% error), the developed application enables the
replacement of further experimental trials by accurate simula-
tion. Once the model is validated, as in our case, simulation can
confidently be used to explore a wide range of operational
conditions, predict degradation efficiency, and guide experi-
mental design. This justifies the creation of the MATLAB appli-
cation as a predictive and decision-support tool that significantly
reduces the need for repeated laboratory experiments.

4. Conclusion

In this study, silver-doped zinc oxide (Ag-ZnO) nanoparticles
were successfully synthesized and characterized for their
enhanced photocatalytic degradation of cefuroxime (CFX)
under solar irradiation. Structural analyses confirmed the
effective incorporation of Ag into the ZnO matrix, leading to
significant modifications in optical and electronic properties,
particularly a reduced bandgap energy and improved charge
carrier separation. Among the different doping ratios, 2 wt%
Ag:ZnO exhibited the highest degradation efficiency, achieving
99.97% CFX removal under optimal conditions. The superior
performance of Ag-ZnO was attributed to the synergistic effect
of Ag doping, which minimized electron-hole recombination
and extended the absorption spectrum towards the visible
range. To systematically optimize the photocatalytic process,
a Decision Tree coupled with the Least Squares Boosting
(DT_LSBOOST) model was developed. The predictive model
demonstrated outstanding accuracy (R > 0.9996) with a minimal
root mean square error (RMSE < 0.88), underscoring its ability
to reliably estimate photodegradation efficiency under various
experimental conditions. Additionally, the Dragonfly Algorithm
(DA) was employed for hyperparameter optimization, success-
fully identifying the ideal reaction conditions: pH = 6.11,
catalyst dosage = 0.1 g L7, initial CFX concentration =
50 mg L', and a reaction time of 180 minutes. Under these
optimized conditions, an experimentally validated degradation
rate of 84.25% was achieved, demonstrating the efficacy of Al-
driven process optimization. The findings of this study high-
light the potential of Ag:ZnO nanostructures as efficient pho-
tocatalysts for antibiotic removal from wastewater, while also
emphasizing the crucial role of machine learning-based

modeling in refining photocatalytic processes. This

© 2025 The Author(s). Published by the Royal Society of Chemistry
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integration of advanced materials science with computational
intelligence offers a scalable and data-driven approach for
environmental remediation. Future research should focus on
assessing the long-term stability of Ag-ZnO nanostructures in
real wastewater matrices, evaluating their reusability, and
exploring their potential in degrading a broader spectrum of
pharmaceutical contaminants. Furthermore, hybrid AI-
optimization frameworks could be expanded to multi-
objective optimization, considering energy consumption and
economic feasibility to enhance the practical applicability of
photocatalytic water treatment systems.
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