Morus alba-Mediated Green Synthesis of ZnO Nanoparticles
Coupled with Augmented ANN Modeling for Process

Optimization and Predictive Design

Abstract

A sustainable and environmentally benign route for the synthesis of zinc_oxide (ZnO)
nanoparticles was developed using Morus alba leaf extract as a natural redu€ing and stabilizing
agent. Multiple green synthesis approaches were systematically dnvestigated in “order to
evaluate the influence of processing conditions on the physicechemi¢al properties of the
resulting nanoparticles. Key synthesis parameters, includingweaction strategy and operating
conditions, were analyzed with respect to their effeetSwon crystallinity, particle size, and surface
characteristics. The results revealed that the\symthesis pathway plays a decisive role in
governing the structural quality of ZnO nane@partieles, and an optimal operating window was
identified that produces particles with enhanced crystallinity and favorable surface features. To
further support process optimiization, aydata-augmented artificial neural network (ANN) model
was developed to establish, predictive relationships between synthesis parameters and
nanoparticle properties. The”ANN exhibited superior generalization capability and predictive
accuracy compared with conventional statistical modeling approaches. Overall, this study
provides “bothwexperimental insight and data-driven tools for the rational design and
optimization of green ZnO nanoparticle synthesis, offering a reliable framework for scalable

and eco-friendly nanomaterial production.
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\. Introduction

In recent decades, the development of green and sustainable technologies has emerged as one
of the main priorities in the fields of nanotechnology and advanced materials [, Y].
Nanoparticles, defined as particles within the nanometer scale, play a vital role in diverse
applications such as medicine, environmental protection, electronics, and catalysis, owing to
their unique physical, chemical, and biological properties [¥, ¢]. Among these, zinc oxide
(ZnO) nanoparticles have attracted particular attention due to their “distinctive) features,
including semiconducting behavior, optical permeability, low _toxigity, ‘and¥versatile
applicability across different industries, granting them a prominentyposition in scientific

research [©-V].

Nevertheless, nanoparticle production must be g€arried, out® with strict consideration of
environmental and safety concerns to preventibielogical and ecological hazards [A]. In this
context, green synthesis methods, which utilize natural resources and bio-based materials, have
gained recognition as efficient and eco-friendly alternatives [1]. Green synthesis, based on the
use of plant extracts as rich@outees of bioactive compounds, offers environmentally friendly
pathways by reducingsthe use of‘toxic chemicals and energy consumption while effectively
facilitating solid-phasereactions [V +, ) V]. One notable plant in this domain is the (Morus alba),
whose leayes contaih valuable active constituents such as phenols, flavonoids, and other

antioxidants, making them suitable for nanoparticle synthesis [ Y].

The leaves of the white mulberry tree are known to contain a wide range of natural compounds
that act as reducing agents and play a crucial role in green nanoparticle synthesis. These
compounds, including phenols, flavonoids, phenolic acids, tetrapeptides, and antioxidants,
possess hydroxyl and other functional groups capable of electron transfer, thus enabling the

reduction of metal ions such as zinc, copper, and others [ Y]. By reducing metal ions to their



oxide or pure metallic states, these natural compounds serve as safe, natural, and
environmentally compatible reducing agents [ ¢]. Their involvement not only decreases the
use of hazardous starting materials but also enhances control over the size, shape, and structure
of nanoparticles, which in turn directly influences the physicochemical properties of the
synthesized products [} ¢]. The reducing agents present in mulberry leaves therefore provide a
sustainable alternative to conventional synthetic chemicals. They also contributeipesitively to
biological and ecological processes, supporting the advancement of gafe,and sustaifiable
nanotechnology approaches [Y7, YV]. Such comparisons can be based,on ctiteria including
nanoparticle formation efficiency, size and shape control, process,yield, andiscalability [)A].
Moreover, the influence of physicochemical parameters, suchyas temperature and thermal
conditions, must be carefully assessed as they play a signifieantrole in optimizing production

processes [V 4].

In this study, not only are different synthesistmethods compared in terms of efficiency and
compliance with biological and environmental principles, but also the final properties of the
nanoparticles, such as particle size, meérphology, crystal structure, as well as optical and
biological characteristic§;®are ‘evaluated according to the synthesis approach employed. The
ultimate objectivel 1syto udentify an optimal and effective method for the green and
environmentally. friend¥ production of ZnO nanoparticles that can be utilized in a wide range
of sciémtificyand industrial fields, including pharmaceuticals, water treatment, and the

development of smart materials.

Consequently, this research is expected to play an important role in advancing green and
sustainable technologies in the field of nanomaterials. The findings promise to improve
nanoparticle synthesis strategies by minimizing negative environmental impacts while
enhancing process efficiency. Furthermore, careful control of process parameters, combined

with the use of natural and plant-based resources, paves the way for an industrial-scale,
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sustainable future for green nanoparticles. Ultimately, this work not only contributes to the
advancement of green technologies but also deepens understanding of parameter influences,

creating new opportunities in nanoscience and nanotechnology.

In this regard, four commonly employed methods for nanoparticle synthesis, ambient
temperature processing, oven-assisted synthesis, water bath (Bain-Marie), and heated magnetic
stirring,are investigated. Ambient temperature synthesis, being the simplest and most cost-
effective method, is particularly suited for assessing the feasibility of green'synthesis at the
laboratory scale. Conversely, oven-assisted synthesis provides a controlled eayironment at
elevated temperatures, allowing improved regulation of nanoparticletmorphology, size, and
dispersion. The water bath method, which employs indire€t heatingsand drying, is typically
applied to achieve finer control over chemical processes‘and nanoparticle formation in aqueous
media without direct heating. Additionally, ymagnetic stirrer heating, which enables
simultaneous control of both temperaturctandysolution agitation, is considered an effective

method for improving synthesis effi€ieney and precisely tailoring nanoparticle structure.

Y. Materials and Methods

Y,\. Materials

White, mulbereys (Morus alba) leaves were collected from park trees in Sanandaj (Iran).
Deionized water (Morvarid Pars Co., Iran) was used as the solvent for extract preparation. Zinc
nitrate hexahydrate (Zn(NOs).- 1H-0), the precursor salt for ZnO nanoparticle synthesis, was

purchased from Sigma-Aldrich.



Y, Y. Experimental Methods
¥.Y,). Preparation of white mulberry leaf extract

A total of ¥+ + g of white mulberry leaves were dried at ambient temperature for © days. After
drying, )+ g of the leaves were ground and added to )++ mL of boiling deionized water;
extraction was performed for Y° min. The mixture was then filtered through filter paper. The
resulting extract was transferred to a dark, tightly sealed bottle and stored at ¢ _°Cuntil ZnO

nanoparticle synthesis.

¥.Y,Y. Experimental design and statistical analysis; mechanistic overview

Green synthesis of ZnO nanoparticles was adopteds, reeognizing that numerous parameters
could influence the properties of the resultiaghnaneparticles [Y+]. The overall formation
mechanism is a coordinated, multi-stageyproeess involving chemical and bio-chemical
reactions: ()) Preparation of the reaction, solution: Zn(NOs): TH20 is dissolved in water to
release Zn*" ions. (Y) Reductien’of, metal ions: concurrently, the mulberry leaf extract,
containing reducing constituents,such as hydroxyl-bearing compounds, phenols, flavonoids,
and other antioxidants, transfers electrons to the Zn?** ions, generating neutral Zn species (Zn°).
(¥) Nucleation and geowth: primary particles aggregate and grow into nanometric structures;
bioactivesspeeies in the extract act as both reducing and capping/stabilizing agents, thereby
controlling particle size and dispersion. (¢) Oxidation to ZnO: the initially formed Zn° particles

are oxidized in a furnace, yielding crystalline ZnO nanoparticles.

To systematically evaluate the effects of operating conditions and to accelerate steps (V) and
(¥), a full factorial design was employed across four synthesis methods (categorical factor): (i)
ambient-temperature processing, (ii) hotplate—-magnetic stirring (heated stirring), (iii) oven, and

(iv) water bath (Bain-Marie).



For each synthesis method, two quantitative factors, temperature (¥+, ¥°, and ¢+ °C) and
synthesis time (1°, £2, and Y© min), were examined at three levels. Accordingly, the total

number of experimental runs was calculated using Eq. (1):

N =n,x LM ")
where N is the total number of experiments, n. is the number of categorical parameters (£
methods), L is the number of levels for each quantitative parameter (¥), and ng is the number

of quantitative parameters (V). Thus:
N = ¢ X Y‘Y =Y

For every run (all Y1 conditions), ¥ g of Zn(NOs).- TH20 were added to)) * mL of the prepared
mulberry leaf extract in an individual vessel. After complete mixing, green synthesis of ZnO
nanoparticles was carried out under the designed tempetature—time settings. Upon completion
of all reactions, the products were calcinedin. a furnace at ¢+ + °C for ¥ h to effect calcination
and convert the prepared suspensions intoy powders. A schematic illustration of the
experimental workflow and representative photographs of the synthesized ZnO nanoparticle

powders are presented in the Supplementary Material (Figure SV).

¥,¥. Characterization and property analysis

The specifictsurface area of the synthesized ZnO nanoparticles was measured by BET using a
JW-BK)YYF instrument. The average crystallite size was determined from X-ray diffraction
(XRD) patterns (D¢ ++, Siemens Co., Karlsruhe, Germany) recorded with a wavelength of
V,0¢ A overa YO range of ) +—4+°. Crystallite size D was calculated using the Scherrer equation

as follows [T,V V]:



Ax +.A4 (M)
D=——
B cos6

where D is the crystallite size, A is the X-ray tube wavelength, B is the full width at half

maximum (FWHM) of the diffraction peak, and 0 is the Bragg diffraction angle.

The effects of the selected variables on the average particle (crystallite) size and specific

surface area were analyzed to compare outcomes among the different synthesis methods.

Y, £, Artificial Neural Network Modeling

In this study, a multilayer perceptron (MLP) neural network was employed to predict both the
crystal size and the specific surface area of iron oxide n@hepatticles. The network consists of
an input layer, a single hidden layer, and an gutput layer, with the number of hidden neurons
optimized through multiple trials. The nd@mber of neurons in the hidden layer was varied from
Y to Y+, and for each configurationy the training was repeated Y+ times with randomized
train/validation/test splits to ensure‘tobustness and avoid potential local minima. The best
number of hidden neurons wastselected based on the network yielding the lowest Mean

Relative Error (MRE) on thetest set.

Hidden layer {activationdwas “implemented using the hyperbolic tangent sigmoid (tansig)
function tointroduce nonlinearity and enable the network to capture complex relationships
betweendnputrand output variables. The output layer employed a linear (purelin) activation
function, allowing the network to produce continuous numerical predictions suitable for
regression tasks. Network weights were optimized using the Levenberg—Marquardt (trainlm)
algorithm, which provides fast convergence and stability for medium-sized networks in

nonlinear regression problems.



The dataset was divided into training, validation, and test subsets with proportions of V+7%, Yo7,
and ) °7, respectively. The training set was used for updating network weights, the validation
set for monitoring the training process and preventing overfitting, and the test set for evaluating
final network performance. All input variables were normalized to comparable scales to
improve convergence and stability. Continuous variables such as Temperature and Time were
scaled, while the categorical variable representing experimental methods was eficeded using

binary (+/)) indicators.

Network performance was quantitatively assessed using Mean Relative Ertor (MRE, %), Mean
Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Abselute Error (MAE), and
the Coefficient of Determination (R?). The best-performing netwerk for each output was
selected based on the lowest MRE observed on the test,dataset, ensuring reliable predictive
capability. To further enhance robustness, Y *\indepéndent training runs were conducted for
each hidden neuron configuration, minimizingythe influence of random weight initialization
and data splitting on the final model selection. The mapping between the input variables and

the network output can be expressed as:

Np N;
y=Zka ijkxj+bk +b
k=1 j=1

where x; represents,the j-th input variable, wijkx and bk denote the weights and bias of the hidden

()

layer, £ is-the hidden layer activation function (tansig), wk and b are the weights and bias
connecting the hidden layer to the output neuron, Ny, is the total number of hidden neurons, and
N; is the number of input variables. This formulation illustrates how the multilayer perceptron
transforms the inputs through a nonlinear hidden layer to produce continuous outputs suitable
for regression tasks. The optimal network configuration, including the number of hidden

neurons, was determined based on minimizing the Mean Relative Error (MRE) on the test set.



¥,¢,). Data Preparation and Augmentation for Neural Network Training

To enhance the dataset for robust MLP modeling, both data preparation and augmentation were
performed. The original experimental dataset consisted of Y1 measurements with four main
factors: Method, Temperature, Time, and two output variables: Particle size and Specific

surface area.

For numerical modeling, the categorical feature “Method” (Oven,(Bain-Marie, Room
Temperature, Heater) was transformed into one-hot encoding, producing feur binary input
columns (Method Oven, Method BainMarie, Method RoomTemp, Method Heater), where
only the active method is coded as ' and the others as (*.“Fhiswesulted in a total of six input

features: Temperature, Time, and the four method ¢olumns:.
To increase dataset size and variability, a dualsphase data augmentation strategy was applied:

V. Gaussian noise injection: Noise was added to each continuous input and output feature
(Temperature, Time,Patticle size, Specific surface area) from a normal distribution
with zero mean and standard deviation equal to ©7 of the feature-wise standard
deviation. This generated Y1 noise-augmented samples while maintaining the original

statistical properties.

Y.%\Linear interpolation: Intermediate samples were created between consecutive original
samples using weighted averaging (+,Y:+,Y), resulting in Y'Y additional interpolated
samples. Notably, the binary method columns were kept unchanged during

augmentation.



The final augmented dataset therefore consists of ) * ¢ samples: Y7 original, ¥ noise-perturbed,
and Y'Y interpolated samples. This structured dataset ensures broader coverage of the feature

space, allowing the MLP to better capture nonlinear relationships and improve generalization.

¥. Results and Discussion

¥, ). Factorial Analysis of Experimental Results

According to the factorial design, a total of Y1 experiments were performedpandythe mean
particle size and specific surface area were considered as the responses. The obtained results,
together with the predicted values generated by the Minitab“software using the factorial

method, are reported in Table V.

Table . Experimental design and the measured/ptedicted reésponses for each set of independent

variables.
Predicted Predicted Experimental Experimental Time (min) Temperature Method
Specific Area  Mean Particle  Specific Area Mean Particle (°O)
(m*/g) Size (nm) (m*/g) Size (nm)
Y4,4) A YA Y'Y \A Yo Yo Oven
Yy,e¢ 14 ¥4,¥8 1y ‘o Yo
YA, %S Yaon ¢ " Yo Yo
v,y )Al Ye,é¢ 14 Yo Yo
YV, Ty Yo, A v £o vo
YA,TY W YA Y ve yo
Yot 18 ¥), 68 ¢ Vo £
Y, YY Tyt ¥Y,4a1 a8 ¢o I
), 4 oo Yy,1¢ ov Yo 1
YA, €4 14 Y4,ryY A Yo Y Bain-Marie
YYOE 8 ¥ ¢ ¢o Y.
YY, 49 T PR Y ve Y.
¥Y,a Y YA, eY 13 Vo vo
Ye,61 1y ¥Y, ey 8 to Yo
¥Y,¢4 T YY,va 0 yeo Yo
Y104 1y ¥Y,EY 1y Vo £
Yv,éo iy ¥Y,44 T £0 £
Yy, oq Yy,ve oA Yo 1
Y1,V ¢ YA YA, YY v4 Yo Yo Room
'V, 1 A& V4,10 Yo ¢o Yo Temperature
Yy, Ve Yo, VY ve Y.
VYV, % Yy YAR4 YA Yo Yo
Y, 2 YoV Ve g0 vo
Y¢,14 vy YN, z ve yo

Y,y YA 14,414 A Yo 10
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YY,A¢ Yo ¥y,4 \Al ¢o £

YY, ¢V TA YY,AY TA Yo S
YV,Y¢ ¢4 A PR Y Yo Yo Heater-Stirrer
Y4,V¢ yv YV, ¢ A ¢o Yo
Y4q,4y 13 YA yva Yo Yo
Yo,¢V A Yv,1¢ £) Yo Yo
YV, A\ YA, €)Y \BE ¢o Yo
Y4q,¢V YA YA,AY 1 Yo Yo
Yo,V Y4 Yi,¢¢ YA Yo I
Y,¢V Y YV,Y¢ ) ¢o S
YA,4 LR YV,AS v vo £

After conducting experiments with two variables at three levels each and forifoutysynthesis
methods, a total of ¥ runs were obtained. The responses (mean particle size and BET surface
area) were then analyzed, and the effect of each parameter at the defined levels was evaluated.

The results are presented in Fig. ) (a and b).

As shown in Fig. Ya, the response related to‘mean particle size is plotted against two-way
interactions (method—temperature, method—timeyand time—temperature) across all considered
levels. The clearer and more detailed reptesentation is shown in Fig. 'b. Based on this figure,
comparison of the syntheSispmethods, indicates that the heater-stirrer method was the most
efficient, yielding an ayeragepattiéle size of less than ¢ + nm. In contrast, the room-temperature
method resulted in the'largest average particle size, representing the least favorable synthesis

condition. Fhe oyen and bain-marie methods showed intermediate performance.

These'ditferences can be attributed to the effect and type of heat transfer and its role in
accelerating nanoparticle synthesis. For example, one critical factor is the uniformity and rate
of heat transfer. In methods such as heater-stirrer, heat is delivered more rapidly and uniformly
to the reaction medium, ensuring a homogeneous sublimation and nucleation process
throughout the system. This leads to the formation of smaller and more uniform nanoparticles.
On the other hand, under room-temperature conditions, heat transfer occurs naturally without

precise control, which can result in non-uniform nucleation and uncontrolled growth,

AR



ultimately producing larger and more heterogeneous particles. Another factor is the controlled
heating rate in thermal methods, which stabilizes the temperature and enhances the precision
of the precipitation and growth process. This reduces growth time and restricts final particle
size. By contrast, under room-temperature synthesis, temperature gradients and fluctuations

dominate, favoring the growth of larger and irregular particles.

VY
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Fig. V. (a) Interaction plots of mean particle size vs. process factors; (b) detailed response plots.

Further evaluation of the effects of time and temperature on mean particle size revealed that in
both cases, increasing temperature and synthesis time generally reduced the average particle
size. This can be explained by their influence on nucleation and growth processes. At higher

temperatures, the system provides greater thermal energy, which accelerates the nucleation rate
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and shortens the growth time of each nucleus. As a result, numerous smaller nuclei are formed,
limiting particle growth and yielding smaller, more compact nanoparticles. Similarly,
prolonging the synthesis time increases the opportunity for nucleation and stabilization of
particles. With proper control, this prevents uncontrolled growth and favors the formation of
smaller, more uniform nanoparticles. In longer reaction times, the system tends to reach more
stable, low-energy states, which are typically associated with smaller and moteerystalline
particles. Therefore, increasing both temperature and time enhances nucleation wdimits
excessive growth, and ultimately decreases the mean nanoparticle size. This, highlights the

crucial role of thermal conditions in controlling the final particle size'during Synthesis.

As shown in Fig. Ya, the response related to the specifictsurface area of synthesized ZnO
nanoparticles is plotted against two-way interactions (methodstemperature, method—time, and
time—temperature) across all levels, with a clearer represemtation in Fig. Yb. According to Fig.
Yb, comparison of different synthesis methods, indicates that the oven method yielded the
highest surface area (Y'Y m?/g), whereasythe room-temperature method resulted in the lowest

value (~Y * m?/g). The heater-stirrer and bain-marie methods exhibited intermediate results.

These differences can ¢ atttibuted to multiple scientific factors. In thermal processes, higher
temperatures providessufficient energy for nucleation and crystallization, producing more
homogenegus and ordered nanoparticles. This enhances control over particle size, leading to
smaller pasticles'with a higher surface-to-volume ratio, and therefore, higher specific surface
area. Conyersely, under room-temperature conditions, the synthesis occurs without precise
control. The reaction and growth processes are slower and less ordered, resulting in larger,
irregular particles with reduced surface area. Furthermore, thermal methods promote better
crystallinity and ordered structures, which allow the formation of nanoparticles with higher
active surface area. In contrast, the lack of temperature control in room-temperature synthesis

results in less crystalline and irregular structures, reducing the active surface area.

¢
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The effect of temperature on surface area shows that intermediate temperatures (~V° °C)
provide the best condition for producing nanoparticles with high surface area. At this level,
nucleation and crystallization occur optimally, yielding small, uniform nanoparticles with large
external surface area relative to their volume. Increasing the temperature from ¥+ °C to Yo °C
enhanced the nucleation rate and formation of smaller, more ordered nanoparticles, thereby
increasing surface area. However, further temperature increase to €+ °C reversedéhis trend. At
higher temperatures, additional energy promotes particle growth and aggregation (Osfwald
ripening), causing smaller particles to merge into larger ones [Y), Y Y]. This reduces the surface-
to-volume ratio and consequently decreases the surface area. Therefore, ~¥,°©C is the optimal
condition, while higher temperatures favor growth and reduee the surface area of ZnO

nanoparticles.

The effect of synthesis time was consistently pesitive{ longer synthesis times led to an increase
in specific surface area. Extended, reaction duration allows more complete nucleation and
crystallization, yielding a larger nuiberof smaller, compact nanoparticles with high surface-
to-volume ratios. In longer processes,"fewer particles undergo secondary growth, as the
conditions stabilize towafdwniform crystallization, resulting in more homogeneous structures
with greater active(Surface'area. Thus, increasing synthesis time provides more opportunity for
the formation and stabilization of small, uniform nanoparticles, directly enhancing the specific

surfacéwarea of ZnO nanoparticles.

¥,¥. Optimization of the Factorial Design Results

Based on the factorial design outcomes and the analysis of the effects of the selected variables,

synthesis method, temperature, and synthesis time, on the chosen responses (mean particle size

' 1



and specific surface area), a final optimization was performed. The corresponding optimization

results are presented in Fig. Y.

As shown in Fig. ¥, the optimal settings to achieve the minimum mean particle size (Y'Y nm)
and the maximum specific surface area (YA, ¢} m?/g) were identified for the heater—stirrer
method at Y© °C and ¢° min. These findings can reliably guide the production of nanoparticles
with desirable properties. Following determination of the optimal points from the @ptimization
analysis, confirmatory experiments were conducted under the design-identified conditions to
validate the results. To provide additional morphological evidence of the synthesized ZnO
nanoparticles, an SEM image of the sample obtained under the optimized synthesis conditions

is provided in the Supplementary Information (Figure SY).

Optimal i . Metl;)fl Tempera:;re (°C) Ti.m;s(mi.n)
_ Hig eater-Stirrer
DOz Cur 35 45
Low 30 15
® ® ® ®
Composite g ®e
Desirability [ ®
D:0.7318
®
Mean Particle L4
Size ®
(am) ¢
Minimum
y =330
d = 0.93878 ®
L ] 1 B .‘
L R TR L e o------- ol o -------=
®
Specific Area L4
(gr/m?)
MaX”.num _". _________________________ _" _________ 6 _______ .‘._ _______ .
y = 28.410 L ¢
d = 0.57046
®

Fig. ¥. Final optimization obtained from the factorial design.
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¥,¥. Artificial neural network modeling results

Following data preparation and augmentation (as described in Section Y,£,Y), the final dataset
consisted of )+ ¢ samples, including Y7 original experimental points, ¥V Gaussian noise-
augmented samples, and Y'Y linearly interpolated samples. Each sample included six input
features: Temperature, Time, and four one-hot encoded method columns (Oven, Bain-Marie,
Room Temperature, Heater-Stirrer), with two output variables: Mean Particle Sizeand Specific

Surface Area.

Table Y presents a portion of the dataset, highlighting the original experimental meastrements
alongside the augmented intermediate values. For instance, DataiNes'=¥* correspond to the
original factorial design experiments with combinations,of the four synthesis methods, three
temperatures (Y+, Yo, £+ °C), and three reaction times()) )¢ ¢, ¥© min). Data No. YV-) + £ show
intermediate samples generated via Gaussian ‘noiseand linear interpolation, extending
coverage of the input space. This ‘augmentation‘strategy ensured broader exploration of the
feature space, allowing the MLP modeljto better capture nonlinear dependencies between

synthesis conditions and nandpatticle gharacteristics.

Table Y. The original and augmented dataset used for ANN modeling.

Datano. Temperature Time Oven Bain Room Heater Mean Particle Size  Specific Area
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The augmented dataset allowed the MLP model to train effectively and generalize beyond the
original Y1 experimental points. Initial visual inspection of the dataset confirms that the
augmentation maintained realistic distributions for both particle size and specific surface area

while introducing variability sufficient for robust learning.

The performance curves for different numbers of hidden neurons are shown in Fig. ¢. The
figures show the changes in MRE (%) and MSE values for the test dataset as a function of
hidden neurons. These plots indicate that the optimal number of hidden neurons, for both
outputs balances prediction accuracy and network complexity, avoiding oveifitting while
minimizing error. Accordingly, neural networks with V) and 9 hidden neurons were selected to

estimate mean particle size and surface area, respectively.

The performance of the MLP models for predicting™mean particle size and surface area was
evaluated using multiple metrics, including Mean'Relative Error (MRE), Mean Squared Error
(MSE), Root Mean Squared Error (RMSE), Mean)Absolute Error (MAE), and the coefficient
of determination (R?). Table ¥ summarizes the results for the optimized networks, compared

with the RSM model.
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Fig. ¢. MRE (%) and MSE values vs. number of hidden neurons for (a) mean particle size and (b)
surface area.



Table Y. Performance metrics of the optimized MLP models for particle size and specific
surface area prediction.

Output Stage Datapoints MRE (%) MSE RMSE MAE R’

Mean Particle Size Training  V©° Y, o™ Ve AT AR 447,
Validating Ve y,60. LY Y)Y RRAYY ,494Y
Testing V¢ Y, 0 Y, e y,v Y, YV «,9A0Y
Overall Vot y,YYo Y,V GAAA AL +,34Y9
RSM A\l £,0 V¢ Y,.01 Y,le1 Y,YYY A W

Specific Area Training Vo YTy GYAY L EYA O FYY v ,49)
Validating ° ),44¢ oY LA . ,orY .,av44
Testing AR Y, %) «,0Y. VY ., L0k . av4o
Overall AR V,YYA + YAY +,001 YV «,TAYA4
RSM ¥ O A Y4V VLVYY @ Wyoos CAYTA

Tables ¢ and © present the optimized weights and biases ef ‘thestraiied neural networks
corresponding to particle size and specific surface asea ‘prediction, respectively. These
numerical parameters define the internal structure of'the best-performing MLP models and can
be directly applied in Eq. (¥) to reproduee the networkgoutputs. By substituting the tabulated
weights and biases into the general MLP formulation, the predictive model becomes explicitly
available in an analytical form, which“enables independent verification, replication, and

practical implementation ofithe ANN models beyond the training environment.

Table ¢. Optimizedyweights and biases of the trained MLP network for particle size

prediction.
Neuron Wi bj byk=-+,VEVY
Temperaturel(®C) Time (min) Oven BainMarie RoomTemp Heater Wig
\ ., YAYS V,14. Y004 V,eYo¢ YAy ), egy V,ATAY v, YoAo
Y LA _vvvay GYYAY Y, a.vY RR2LF: XYY BN Z7-S SRR EVIRR
A -, AYYY V,E0AY +,090A Y,veen -),007. -+, YAoY +,YYdo -, TAY
¢ 2,497 SOV YAS YT 0044 VYA SV, T 00 A Z L VR P Y N
° ©,40VA Y RERE TR 2L T SO AA IR 2L SOFTeT Ly teny
1 -+,4%4 GTEAA 1,0¥ €Y« AAY. S), Mg I AAL GYAEY L YYYe
v GYTAY 2),e¥n SaYET L TTAA _y,rave LT SOETYE O
A o, g4y SARY- GYEVE LY,y GYEVA SOYEY) SAVYL L vYen
q LYV EEY. _OVFEd Y YYo. EEAY _OAYR VLUEFY L ovEY
Yo -5470A V,Yyen -,00YA Y,V 604 V,YAVA ), AVAY V,1Y4. SYAYY
X _4,0FY)Y S EVY SOYYAE e, EYY LY EA SV, YAVE ),0098 4,014
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Table . Optimized weights and biases of the trained MLP network for specific surface area

prediction.
Neuron Wi bj bx=+,YY1Y
Temperature (°C)  Time (min) Oven BainMarie = RoomTemp  Heater Wi
) SYAA IRV e IY Y YY) Z),0FV. AR y,YYoe) GYEAY
Y T Y, Yy SOVOYA o, VATY RETIR Y,6Y .Y SY,VeTY  w v
Y SY,YYA A, YAYA NAR R L EAA] .,No000 vedre SVLEYAD LAY
¢ Y,«\Yo AV el S EEEY VYA _&,+AYA V,IYYY -oYVYE oYY
° ., Ydot S, VA SY,EAT L TYAY I A _,0vY SRR 0 SRR L RN
1 Y,vivia V,YYeR _v,04¢¢ Y,Yove¢ YVLAAAY - 88N -v,AYXo AN-AmN
v ~+,4914 Y,1674 YLYFAY ) YA o Ad _§,AYYA IR SRR
A _Y,00A) Y,6.49 GAAYe DY, YYVY Y, 80, ), ¥ety [ 52 DNEENSNT-NY
q Y,orYo -),¢4vo S5OVIA ) TUA <,MYAe YAV EY Y, ERTY (2h, AV

Feature importance analysis, based on the trained MLP weightg, revealed) that the synthesis

method contributed the most to the predictive performanée of botheimodels, accounting for

approximately V),V of the total influence. In contrast, reaction temperature and time exhibited

considerably lower contributions, with values,of.\ V@7 and Y,/ for particle size (Fig. °a),

and YV,4¢7 and ) £,377 for specific surface,area (Fig’ °b), respectively.

These results highlight that the choice ofysynthesis method is the dominant factor governing

nanoparticle properties, While\témpgrature and reaction time play supportive but less

significant roles. Such ' findingsware consistent with experimental observations, where the

applied synthesis technique strongly dictates the nucleation and growth environment, whereas

thermal and“temporal parameters mainly fine-tune the resulting particle morphology and

surface characteristics.

Y¢



(@)

(b)

(
&

Fig. . Relative importance of input variables for the ANN models: (a) mean particle size, and (b)

specific surface area prediction.
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Overall, the MLP networks trained on the augmented dataset provide highly accurate
predictions for both particle size and specific surface area, outperforming the original RSM
models. The dual-phase data augmentation strategy contributed to improved generalization and

robustness, enabling reliable mapping of experimental conditions to nanoparticle properties.

¢, Conclusions

V. Four green synthesis methods were systematically compared under identical factorial
conditions. Heated magnetic stirring consistently produced the smallest crystallites
(range: YV—£Y nm, mean: Y1, nm), while oven and bain-marie achieved higher
surface areas (mean Y),YA m?g and Y),1Y m?/g)than room-temperature synthesis

(mean Y+,Y¢ m?/g).

Y. Multi-response desirability optimizatienidentified Y© °C and £° min under heated
magnetic stirring as the balameed, optimum, delivering a crystallite size of ¥¥ nm and a

specific surface area of YA, 8 ma/g, experimentally validated in confirmatory trials.

Y. ANN models trained,ony\s ¢ samples achieved excellent accuracy, with R? = +,34Y¥14
(particle size) and *53AVY4 (specific area), and test MRE of Y, % and Y,*Y %. These

results clearly,outperformed the RSM baseline (R2= +,3717+ and +,AV1A),

¢ \\Feature tmportance analysis highlighted the dominant role of synthesis method (V")
%), with temperature (1Y,3-YY,2¢ %) and time ()¢,37-Y2 %) acting as secondary

factors.

°. For obtaining small-sized ZnO nanoparticles under mild green conditions, heated
magnetic stirring around Y °C and ¢© min is recommended. The ANN model provides

a reliable predictive tool to reduce experimental trial-and-error.

¥



1. Expanding the factor space (e.g., precursor concentration, extract dosage, or pH),

testing alternative extracts, and coupling ANN with multi-objective optimization could

further enhance scalability and performance in sustainable ZnO production.
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ANN
BET
MAE
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RMSE
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Bias of the output neuron in the ANN model
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Output of the’ANNmodel

Full Width at Half Maximum of XRD peak
Braggediffraction angle
Xaray wavelength

Artificial Neural Network
Brunauer-Emmett-Teller method
Mean Absolute Error

Mean Relative Error

Mean Squared Error

Multilayer Perceptron

Root Mean Squared Error
Response Surface Methodology
X-Ray Diffraction
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Figure captions:

Fig. V. (a) Interaction plots of mean particle size vs. process factors; (b) detailed response

plots.

Fig. ¥. (a) Interaction plots of BET surface area vs. process factors; (b) detailed tesponse

plots.

Fig. Y. Final optimization obtained from the factorial design.

Fig. ¢. MRE (%) and MSE values vs. number of hidden neurons for (a)unean particle size

and (b) surface area.

Fig. ©. Relative importance of input variables_for the /ANNymodels: (a) mean particle size,

and (b) specific surface area prediction.

Table captions:

Table ). Experimentalydesign and'the measured/predicted responses for each set of

independent variables:

Table Y. The original and augmented dataset used for ANN modeling.

Table ¥.Performance metrics of the optimized MLP models for particle size and specific

surface area prediction.

Table £. Optimized weights and biases of the trained MLP network for particle size

prediction.

Table ¢. Optimized weights and biases of the trained MLP network for specific surface area

prediction.
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