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Metal oxide nanoparticles (MeO.NP) are receiving increasing attention in the last few years due to their
various applications in electronics, medicine, and environmental remediation. However, their potential toxicity
poses significant hurdles for safe usage. Therefore, this paper aims at developing a new artificial intelligence
(AlI)-based model for the efficient classification of the toxicity of MeO.NP using a Dynamic Pelican Optimizer
finetuned Random Forest (DPO-RF) technique. A database has been prepared considering different types of
nanoparticles (NPs) such as Al:0s, CuO, Fe20s, TiOz, and ZnO, and the most important key physicochemical
attributes. This model is followed by pre-processing using handling of missing values with imputation and
performing standardization by applying the Z-score normalization. Features were extracted with principal
component analysis (PCA) reducing dimension while keeping the vital information associated with toxicity in
this model. The applied DPO-RF based model enhanced the feature selection of this model while achieving
enhanced accuracy through adaptive exploration of this model. The results reflect the valid classification of
MeO:NP either as toxic or non-toxic, which implies a total accuracy of about 98.2 % for classes of toxicity, and a
corresponding accuracy rate of about 98.5 % for classes of nontoxicity, which is offering some important
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implications for the assessment of potential risks while using the respective nanotechnology application.
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1. INTRODUCTION

Nanoparticles (NPs) possess some unique, special
physical and chemical characteristics. Some of their
special features are characterized by tiny and quantum
size influences. The NPs have wide applicability in many
sectors, such as electronics, consumer goods (such as
paints, textiles, and even cosmetics), personal hygiene
products (such as sunscreen), and health-related issues
within the framework of biomedicine. MeO:NP make up
the sizeable share of the overall market volume, and this
is estimated to be at 80 percent. Indeed, lots of other
nanomaterials (NMs) are in use (Na et al., 2020).

The scientific discipline of nanotechnology is concerned
with the development and alteration of particles at a
nanoscale, mainly in the range of 1-100 nanometers. It can
be applied in making stronger, lighter, and more durable
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batteries, fuel cells, and solar cells compared to the
traditional way. It can be used in computers, nanodiodes,
and nano transistors (Nair et al., 2022; Zhang et al., 2022).

NPs are of a size smaller than 200 nm, which makes them
suitable for biomedical applications. They also possess better
colloidal stability and permeability through the blood-brain
barrier. Their morphology needs to be characterized to utilize
them effectively in diagnostics and therapeutics. Current
applications of NPs include imaging molecular markers,
genetic diseases, malignant tumors, photodynamic therapy,
and drug delivery (Nikolova and Chavali 2020).

The  traditional approaches regarding the
determination of toxicity often follow experimental
studies, whereby in vivo and in vitro testing are often
solely used. Such in vitro and in vivo assessments usually
face ethical and logistic limitations, especially when there
is a variety of NMs presented and an array of conditions that
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might be encountered for the evaluation of toxicity. With ML
and Deep learning (DL)-based models, such issues would be
handled in the following way: large data sets would enable
patterns to be discovered with toxicity levels predicted to
show possible insights that guide the safe designs of MeO.NP
(Huang et al., 2022; Gakis et al., 2023).

2. RELATED WORKS

Chandrasekaran et al., (2024) advanced the protection
of ZnO NPs by including factors together with Mg, Ca, Sr,
and Ba. The produced NMs established reduced toxicity
ranges each in vitro and in vivo, as well as possible
antioxidant features. Because ZnCaO NMs consist of Caz
ions, they were much less dangerous to fish and mice,
which increased material safety.

Zhou et al., (2023) used Deep learning (DL) capabilities
and created an in silico version to forecast aquatic species'
toxicity to metallic nanomaterials (MNMs). It was
determined that variables, which include hydrodynamic
diameter, primary length, light, and exposure time, all had
an impact on ecotoxicity. More species-unique records
were probably brought to the algorithm to decorate its
prediction capabilities.

Zhang et al., (2023) anticipated the mixed toxicity of
7 steel-engineered NPs (ENPs) for Escherichia coli at
numerous mixing ratios by using the use of literature and
lab toxicity records. Two neural network community-
quantitative structure-activity relationship (NN-QSAR)
fashions and support vector machine (SVM)-QSAR models
done nicely when ML strategies were used. For both inner
and external datasets, the very best prediction capability
changed into verified through a QSAR model based on NN
and chemical descriptors.

Xiao created prediction models for the cellular toxicity
of MeOxNP by automated ML, or autoML. AutoML
generated models have better performance than ML
models. Three different autoML systems' models
performed satisfactorily; none of them outperformed the
others. The performance of models constructed from
higher-quality data was superior.

3. METHODOLOGY

This methodology outlines the comprehensive
approach for evaluating the toxicity of metal oxide NPs
through data sourcing, preprocessing, feature extraction,
and classification. Key techniques such as principal
component analysis (PCA) and the DPO-RF model are
employed to enhance predictive accuracy and
interpretability while effectively managing data
complexities. Fig. 1 outlines the flow of methodology.

3.1 Data Set

The dataset, titled Toxicity Assessment MeO.NP, was
sourced from open source Kaggle
https://[www.kaggle.com/datasets/apalania/toxicityassess
ment-meoxnp) and focuses on the computational hazard
assessment of MeOxNP toxicity using ML techniques.
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Fig. 1 — Methodology flow

It includes various NPs such as Al203, CuO, Fe20s, TiOz2,
and ZnO. The dataset encompasses more key features.
These attributes provide a comprehensive overview of the
chemical and physical properties of the NPs, along with
their biological impact, enabling effective toxicity
assessment and analysis through ML models.

3.2 Preprocessing

In predicting MeO:NP toxicity, handling missing
values and making use of Z-score normalization are crucial
preprocessing steps. Imputation addresses statistics gaps,
making sure dataset completeness, while Z-score
normalization standardizes characteristic scales and
mitigates outliers, making each descriptor comparably
influential. Together, these techniques beautify statistics
pleasant and model reliability, allowing accurate toxicity
sample identification.

3.2.1 Handling Missing Values

In the preprocessing phase, addressing lacking values
is essential to make certain the integrity and reliability of
the dataset. Missing records can rise up from numerous
assets, consisting of experimental mistakes, facts access
troubles, or limitations in size strategies. To handle
lacking values efficiently, numerous techniques can be
hired. Imputation is a popular technique wherein missing
values are substituted with approximated values derived

from the records handy. Techniques, which include
median, imply, or mode imputation, are wused for
mathematical capabilities, whilst uncompromising

functions can be full of the majority of recurrent category.

3.2.2 Z-Score Normalization

The outlier problem is addressed by this statistical
normalizing method. The feature values are transformed
using the considered feature's mean and standard
deviation. Specifically, values for the characteristic under
consideration are converted using Equation (1) into new
normalized values.
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where o and p are the feature's standard deviation and the
feature's mean value. When wusing the Z-score
normalization approach, values that are precisely equal to
the mean are translated to zero, values above the mean
are shown as positive numbers, and values below the mean
are shown as negative numbers.

3.3 Feature Extraction Using PCA

PCA is an essential technique for predicting the
toxicity of MeOxNP. It transforms the authentic dataset
into foremost additives that are uncorrelated variables
ordered by way of variance. This reduces dimensionality
at the same time as retaining good sized toxicity functions.
PCA removes noise and redundant records, simplifying the
dataset and permitting the version to recognition on
applicable NP traits. It additionally aids in visualization
of information in decreasing dimensions, decoding complex
relationships amongst descriptors and their impact on
toxicity effects.

3.4 Classification Using DPO-RF

The proposed DPO-RF model is appropriate for
classifying the toxicity of MeOxNP. By combining DPO's
strong seek capabilities with RF's excessive accuracy in
handling complicated record styles, this model correctly
selects and prioritizes relevant features whilst reducing
the hazard of overfitting. DPO enhances RF's overall
performance by refining feature choice through adaptive
exploration and exploitation, supporting a strong and
optimized type version. This technique aligns to gain
dependable toxicity predictions, making sure each sturdy
feature has relevance and excessive version
interpretability in complex, multi-dimensional datasets.

3.4.1 Random Forest (RF)

RF is well-suited for predicting metal oxide NP toxicity
due to its robustness in handling complex, high-
dimensional datasets with diverse descriptors. By
generating multiple uncorrelated decision trees, RF
mitigates the risk of overfitting, ensuring stable
predictions across varying samples. Its ensemble
averaging technique reduces bias and variance, making it
reliable for toxicity classification tasks. Furthermore, RF’s
inherent feature selection, by using random subsets,
enhances model interpretability by identifying the most
relevant descriptors, ultimately improving prediction
accuracy and aligning well with the objective of reliable
toxicity classification.

RF is an ensemble learning method utilized to generate
predictive models. To increase prediction accuracy,
ensemble techniques employ a variety of learning models.
When using a RF, the method generates a whole forest of
uncorrelated, random decision trees to find the optimal
solution. Learning mistakes may often be explained by
variation and bias. For instance, a large variance indicates

that the model is only appropriate for a certain dataset
(i.e., overfitting or instability), while a high bias leads to
erroneous test findings. The training dataset Y =
{y1, - Ym}is given labelsX = {xq,...x,,}. The training
dataset is bagged repeatedly and randomly (K times) and
then replaced with binary trees fitted to the samples.
Withk = {1,---,K}, let y, and x; be the sampled dataset.
Let S, represent the binary tree that was trained about
yeand x;. Two methods are available for making
predictions on the test dataset, y, following training.

Calculating the average of each tree's predictions using
(Equation 2).

% ==Y Sa(F) @)

In the case of classification trees, obtaining the
majority vote.

3.4.2 Dynamic Pelican Optimization (DPO)

DPO is a powerful tool for forecasting the toxicity of
MO-NPs due to its ability to balance exploration and
exploitation in complex search spaces. It uses a dynamic
weighting mechanism to adjust search scales, enhancing
solution quality and model convergence. This dual-phase
approach allows DPO to efficiently locate global optima in
optimization problems, making it an effective solution-
finding tool.

Pelican Optimization

The PO is a novel stochastic optimization technique
that draws inspiration from nature. It is renowned for its
exceptional capacity to investigate and utilize the search
space to find the global optimum. Recently, there has been
a lot of interest in swarm-inspired algorithms, and the PO
is particularly impacted by pelican behavior and foraging
strategy. When hunting in the wild, pelicans frequently
work together and take a multi-step method. Once they
have identified where their prey is, they make a
coordinated descent and then spread their wings. By
forcing their prey to surface and migrate into shallower
waters, the pelicans can catch their meal more easily.

Initialization

The PO is a population-based algorithm, initializing all
pelican group members at random at the start of the
optimization process using Equation (3). The population
size, number of problematic variables, intervals, inferior
and superior boundaries are represented by W ;.

W;; = KA; +rand » (UB; —LB)j = 1,2,..M  (3)

Phase 1 (Exploration)

This phase involves pelicans searching for food sources,
similar to pelicans hunting prey. The PO's ability to
produce the prey's position at random improves its
exploration skills. The objective function for the ith pelican
candidate solution's new location is given in Equation (4),
where 0; 1s the prey's location and ij’il is the jth pelican's
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most recent position. The J parameter greatly influences
the PO's capacity to explore and methodically search the
search space (Equation 5).

Wl — Wj; +rand.(0; — J.W;;),Eg < Ej; @
T W;; —rand.(0; — J.W;;)else
WPl E°t < Ej;
VV]- — J ] J (5)
W;, else

Phase 2 (Exploitation)

Pelicans use their wings to drag fish upwards,
collecting them in their neck pouch. This strategy
increases fish catch in a designated area. The proposed PO
improves convergence towards advantageous locations,
increasing efficiency in local search and exploitation. The
mathematical expression for this mimicking behavior is
given in Equation (6), where s is the current iteration, Sy,
is the maximum number of iterations, Q is a constant, and
W9? is the jth pelican's most recent position.

W9 =W, +Q. (1 - ﬁ) .@2.rand = 1. W;;  (6)
The following Equation (7) then specifies how the
result is modified in light of the new position.

VVJ-:

WPO% EP? < Ej;
{ J ] ] (7)

W, else

Consequently, in accordance with Phase 2, E]-Ozis the
value of this objective function, and Wjo2 is the jth pelican's
most recent position.

3.5 System Configuration

The proposed method was implemented on a system
with 16 GB of RAM and a 64-bit operating system to
handle large datasets efficiently. Key libraries include
NumPy for numerical operations, Pandas for data
manipulation, Scikit-learn for ML, and Matplotlib for
visualization, ensuring robust performance in forecasting
the toxicity of metal oxide NPs.

3.6 Output Phase

This phase presents the classification performance
metrics of the proposed method, highlighting its
effectiveness in distinguishing between toxic and non-toxic
metal oxide NPs. Table 1 summarizes the percentages of
metrics for both target classes.

Table 1 — Performance of proposed classification

Target Accuracy | Precision | Recall F1- Spe01ﬁ
classes | (%) %) ) Score | city

(%) (%)
Toxicity | 98.2 97.8 98.2 98.3 | 97.5
Non- 98.5 98.6 98.5 98.4 | 98.9
toxicity

JJ. NANO- ELECTRON. PHYS. 17, 03024 (2025)

4. RESULT AND DISCUSSION

Relevant performance metrics, including recall,
precision, F1-score, accuracy, and specificity, are covered
in this section, demonstrating the proposed method's
effectiveness in classifying metal oxide NPs based on
toxicity.

4.1 Accuracy

The accuracy (Equation 12) metrics for the proposed
method indicate excellent performance in distinguishing
between toxic and non-toxic classes of metal oxide NPs.
The method achieved an accuracy of 98.2 % for the toxicity
class and 98.5 % for the non-toxicity class. This high level
of accuracy suggests that the model is effectively
classifying instances, demonstrating its potential utility in
real-world applications for toxicity assessment, where
accurate predictions are crucial for safety and efficacy
evaluations (Figure 2).

p
/
/

100

Accuracy(%)
3
1

D T T
Toxicity Non-toxicity

Target classes

Fig. 2 — Accuracy performance of the proposed method

4.2 Precision and Recall

This parameter provides deeper insights into the
performance. An accuracy of 97.8 % for the toxicity class
indicates that the procedure is 97.8 % accurate for
classifying toxicity. The recall signifies that the model
classify 98.2 % of actual toxic instances. For non-toxicity,
the precision is 98.6 %, meaning that almost all non-toxic
predictions are accurate, while the recall is 98.5 %,
indicating a high capability of detecting non-toxic
instances. These metrics reflect the model’s reliability in
both minimizing false positives and maximizing true
positives, which is crucial for ensuring that toxic NPs are
correctly identified. Figure 3 (a) shows the performance of
the proposed method with metric precision and Figure 3
(b) shows for recall.

4.3 F1-Score and Specificity

The F1-Score (Fig. 4(a)) is a harmonic mean of recall and
precision, providing a single metric to assess the performance
of the model on toxicity and non-toxicity classes.
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Fig. 3 — Performance of proposed method (a) precision and (b)
recall

The F1-Score of 98.3 % for toxicity and 98.4 % for non-
toxicity indicates a well-balanced model with excellent
overall performance. Specificity measures the proportion
of true negatives accurately identified by the model. The
specificity (Fig. 4(b)) for toxicity is 97.5 %, while for non-
toxicity, it is 98.9 %. This represents that the model is very
effective at identifying non-toxic NPs, with slightly lower
performance for toxic ones, but indeed within acceptable
ranges. Together, these metrics reinforce the robustness of
the proposed method in accurately predicting toxicity
while minimizing misclassifications.

5. CONCLUSION

This study successfully developed a novel Al-based model
for classifying the toxicity of MeOxNP, utilizing the
Dynamic Pelican Optimizer finetuned Random Forest
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Hauouacrtunaku okcnie merasis (MeO.NP) npuseprarors menasni Glablry yBary B OCTaHHI KLJIBKA POKIB Uyepes
iX pIZHOMAHITHE 3aCTOCYBAHHSA B €JIEKTPOHIIT, MEIUIIMHI Ta BiJHOBJIEHHI HABKOJUIIHLOrO cepemouina. OmHak
IXHS TIOTEHIIHA TOKCUYHICTh CTBOPIOE 3HAYHI TEPEITKOJH JJIsi 0e3[MeYHOT0 BUKOPHUCTAHHSA. TOMy IisT CTATTS
CIIpsAMOBaHa Ha POo3poOKy HOBOI Mojmesl Ha ocHOBI mrryunoro intesexty (L) mma ederxrmBHOI Kaacudirarmi
tokcuunocti MeO:NP 3 Bukopucranusam MeTony TouHo Hasjamrosanoro sunaakosoro Jicy (DPO-RF) quramiusoro
onrumizatopa Pelican. Bysa miarororimena 6asa manumx 3 ypaxyBaHHsaM pisHux T Hanodactuuok (HY), rakmx
gk AlzOs, CuO, Fez0s, TiO2 ta Zn0, a Takosk HANBAMKIUBIIINAX KIOUOBUX (PISUKO-XIMIYHUX XapaKTepucTuk. s
MO/JIeJIb CYIIPOBO/IKY€ETHCS IIOIIEPETHBOI0 00POOKOI0 3 BUKOPUCTAHHIM 00pOOKY BIICYTHIX 3HAYEHB 3 IMITyTAIIlel0 Ta
CTAHIAPTHU3AITIEI0 IIJIAXOM 3aCTOCYBaHHA HopMastiaarii Z-omiakn. O3Haky Oy/Iu BUJIyYeHi 3a JOIOMOTO0 aHAaI3y
roioBHUX KoMioHeHTIB (PCA), sMeHIIyI0un po3MipHICTD, 30epiralodu Ipu I[HOMY KUTTEBO BAKINBY 1H(OPMATLIIIO,
OB'I3aHy 3 TOKCHYHICTIO B IIiif MozeJsti. 3acrocoBaHa mMozaeab Ha ocHoBl DPO-RF mokparmuia Bubip o3HAK Iiel
MOMeJH, OJHOYACHO JOCATAIYM MIABHUINEHOI TOYHOCTI 3aBIAKH AaJANTHBHOMY IOCIIIKEHHIO Ifiel MOIeJIl.
Pesynbratu BimoGpaskarors midicHy kiaacudikaimiio MeO.NP sax Toxcrmunoi a60 HETOKCHYHOI, IO Iepembadae
3araJIbHy TOYHICTH OJIU3bK0 98,2 % I KJIaciB TOKCHMYHOCTI Ta BIAMOBIMHUN KoediI[ieHT TOYHOCTI 0yIu3bKo 98,5 %
IUIA KJIACIB HETOKCHYHOCTI, IM0 Mae AedKl BAYKJIWBI HACTIAKH JJIS OIIHKK MHOTEHIIIMHUX PHU3HUKIB IiJ dac
BHUKOPHUCTAHHSA BIAMOBIIHOIO 3aCTOCYBAHHS HAHOTEXHOJIOTIHA.

Knrouogsi cnoea: Oxcun merany, Hanouactunku (HY), Tokcnunicts, Herokcuunicts, Mamunune napuanus (MH).
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