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Metal oxide nanoparticles (NPs) are extensively employed in
the biomedical, environmental, and industrial domains due to
their unique physicochemical properties. However, concerns
regarding their potential cytotoxicity require the development
of accurate predictive models to assess nanoparticle safety. In

Predictions for unseen
ture space and use
data for future work

this study, we present a machine learning-based framework for
predicting the toxicity of metal oxide NPs using curated
physicochemical descriptors. Data were systematically
extracted and structured from 140 peer-reviewed publications,
focusing on four representative metal oxide nanoparticles
(Zn0O, AgO, CuO, SiO,). To ensure accessibility and
consistency, the dataset was structured using a Large

Language Model (LLM) API and designed to be well-balanced and minimally correlated. The maintenance of a low correlation between
features (average Pearson correlation = 0.19) was prioritized to reduce redundancy and improve the interpretability of the model results.
Feature selection and Principal Component Analysis (PCA) confirmed that a subset of physical descriptors effectively captured toxicity-
related trends. The optimized Gradient Boosting Machine (GBM) and Support Vector Machine (SVM) models achieved predictive
accuracies of 77 % and 81 %, respectively, without overfitting. In addition, a synthetic dataset was generated to investigate the joint
effects of core size and exposure dosage on toxicity probability. Overall, this study aims to provide a predictive approach framework for
nanotoxicity assessment that might offer guidance for the rational design of safer nanoparticles.
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1. Introduction

Metal oxide nanoparticles, including zinc oxide (ZnO),
silver oxide (AgO), copper oxide (CuO), and silicon diox-
ide (Si0,), have gained considerable interest in biomedical
applications due to their distinct physicochemical proper-
ties. These nanoparticles demonstrate potent antibacterial,
anticancer, and drug-delivery capabilities, making them
promising candidates for biosensing, imaging, and thera-
peutic advancements (Nikolova and Chavali, 2020). Zinc
oxide nanoparticles possess intrinsic antimicrobial proper-
ties and are widely used in wound healing, bioimaging, and
targeted drug delivery (Mishra et al., 2017). However,
concerns regarding their toxicity under various biological
conditions have hindered achieving the full potential of
their biomedical application.

The toxicological behavior of metal nanoparticles is
highly dependent on factors such as size, surface chemistry,
dissolution rate, and exposure conditions (Vanivska et al.,
2024). Nanoparticles can induce oxidative stress, DNA
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damage, and inflammatory responses, raising safety con-
cerns for clinical applications (Manke et al., 2013). Tradi-
tional toxicity assessments rely on in vitro and in vivo
models, which provide valuable insights but face chal-
lenges such as labor-intensive procedures, prolonged ex-
perimental periods, and high costs (Madorran et al., 2019).
Reproducibility issues (Savage et al.,, 2019) and ethical
concerns (Krewski et al., 2010) further complicate toxicity
assessment.

Moreover, protein corona formation, aggregation, and
environmental conditions influence nanoparticle interac-
tions with biological systems, making empirical predic-
tions difficult (Saptarshi et al., 2013). Since the early
2000s, Machine Learning (ML) has emerged as a powerful
tool for toxicity prediction, enabling rapid data processing
and pattern identification that traditional statistical methods
may overlook (Alowais et al., 2023). Researchers continue
investigating various ML models to determine the most
influential physicochemical properties that contribute to
toxicity, helping to develop safer nanoparticle designs
(Zhang et al., 2022). ML-based classification models have
achieved high accuracy in predicting metal oxide nanopar-
ticles toxicity using physicochemical descriptors (Xiao et
al., 2024). Despite the advancements in ML-based toxicity
modeling, several research gaps remain. Existing datasets
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are often small, incomplete, or derived from heterogeneous
sources, limiting model generalizability (von Borries et al.,
2023). Additionally, a lack of parameter standardization
leads to variations in reported features (Muralidharan et al.,
2024). In the field of machine learning-based modeling re-
search, the reliability and accessibility of datasets play
pivotal roles in the development and validation of predic-
tive models. However, it is noted that several research
groups either do not declare their datasets or rely heavily on
restricted, non-public datasets, thereby limiting the repro-
ducibility and validation of their findings by the broader
scientific community. Furthermore, a standard limitation
observed in these studies is the absence of diversity in the
dataset features, which may lead to overly optimistic and
not generalizable models across different experimental
conditions.

To address these shortcomings, our study introduces a
comprehensive dataset compiled de novo, featuring a wide
array of the physical and chemical properties of the metal
oxide nanoparticles. By employing advanced ML tech-
niques such as Gradient Boosting Machines (GBM) and
Support Vector Machines (SVM), we aim to identify fea-
tures that would lead to guidelines for designing safer
nanoparticles. An objective of this paper is to inform other
groups with a structured prompt engineered for making
similar datasets. We have included the complete structure
of the prompt that can be given for the smooth data ex-
traction structuring and querying in the J-STAGE Data
(https://doi.org/10.5093 1/data.kona.29672717).

2. Materials and methods
2.1 Data extraction and structuring for the
dataset

Based on our literature survey and preliminary tests on
existing open-source datasets, we created our methodology
to curate a dataset. On examining the NanoPharos dataset
and its use in reported papers by Nikolova and Chavali
(2020) and Zouraris et al. (2025), we conducted some pre-
liminary tests on the NanoPharos dataset. We found that
after pre-processing the metal oxide cytotoxicity data (as
discussed in detail in Section 2.3), the average Pearson
correlation for the features of interest was 0.39. A Pearson
correlation of 0.39 indicates only a weak-to-moderate lin-
ear relationship between the selected features and cytotox-
icity. This relatively low correlation indicates that the
features lack sufficient predictive power on their own,
highlighting the limitations of the existing dataset for
building robust machine learning models. While individual
features demonstrated low pairwise correlation with cyto-
toxicity, we also observed redundancy among the features
themselves, with several exhibiting high inter-feature cor-
relation. This multicollinearity can obscure the model in-
terpretability and degrade the predictive robustness. To
address the challenge of high correlation between features

existing in open-source nanotoxicity datasets, such as
NanoPharos, we curated a dataset with improved feature
distribution and lower inter-feature correlation. For open-
source datasets such as NanoPharos, we observed that the
variance among features for the key physical parameters of
interest was lower than 1. The overall variance increased
due to a few features, such as hydrodynamic size, which
contains several outlier values differing by orders of mag-
nitude. While these values are not necessarily impractical,
such variability poses challenges when training a general-
izable machine learning model. Such extreme variability,
especially when concentrated in a few features, can distort
learning algorithms by introducing scale imbalances and
reducing the overall effectiveness of feature generalization.
Therefore, a curated dataset with controlled variance across
features is essential for training models that can generalize
well across diverse nanoparticle types. To overcome these
challenges, we developed a structured Al-assisted method-
ology that automates data extraction, standardization, and
querying. This methodology ensures improved dataset reli-
ability, reduces manual errors, and provides a reproducible
framework for curating high-quality cytotoxicity datasets
for metal oxide nanoparticles. We developed a workflow to
extract data from various resources to curate our dataset
with the necessary features. A relatively simple yet effec-
tive approach was designed using a combination of the
OpenAl API and OpenAI’s ChatGPT-40 model.

The first step of this process involved identifying rele-
vant target searches on Google Scholar and the Web of
Science. Papers explicitly focused on cytotoxicity studies
for the metal oxide nanoparticles of interest were chosen.
We selected a small subset of metal oxide nanoparticles
based on their suitability for building a dataset. The choice
of metal oxide nanoparticles was based on (i) abundance of
available literature, (ii) wide industrial and medical appli-
cations, (iii) variability in properties and (iv) complexity in
feature relationships (Palanivinayagam and Damasevicius,
2023), which makes them an ideal starting point. We
worked with a total of 140 articles covering four metal ox-
ide nanoparticles in our study: ZnO (NP), AgO (NP), CuO
(NP), and SiO, (NP). After selecting the target nanoparti-
cles, we proceeded with data extraction. To save time in-
stead of manually retrieving data from the papers, we
extracted text-queried data from the PDFs and then ana-
lyzed it using the API key. We used the PyMuPDF and the
pdfplumber libraries to extract and structure the text and
images. The extracted data, along with the corresponding
PDF files, were then queried using ChatGPT-40 to identify
specific feature values. This combined approach was nec-
essary for two reasons: (1) capturing data presented in
graphs and images and (2) using extracted text along with
manually passed context prompts to avoid incorrect or false
values. After extracting the dataset, random query prompts
were used to test the reliability of the dataset on 10 % of
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randomly selected entries, which resulted in an accuracy of
96 %. This validation step was essential because large lan-
guage models can sometimes produce hallucinated or
non-existent data. We checked the responses against the
reference files and ensured that the LLM-generated values
were consistent with the original sources. We employed
OpenAI’'s ChatGPT-40 model to automate feature ex-
traction and ensure consistency in data structuring, thereby
reducing manual errors in parsing the nanoparticle proper-
ties. One of the significant challenges in curating such a
dataset is the absence of standardized data reporting prac-
tices and consistent precision across research publications.
Therefore, several assumptions and generalizations were
embedded into the prompts to ensure that the numerical
features were reported as integers and the categorical fea-
tures were as specific as possible. For example, if the article
reported a core size for a nanoparticle as a range (e.g., 20—
40 nm), the large language model used the mean value as
the dataset entry. Similarly, missing numerical features
were estimated using the median value of the respective
column as reported previously (Papadiamantis et al., 2021).

2.2 Feature selection

Pertinent feature selection is pivotal in constructing a
dataset that not only captures the essence of the underlying
phenomena but also enhances the predictive power of the
model. This section delineates our criteria and methodol-
ogy for selecting the most informative features, emphasiz-
ing the importance of precision in feature choice to ensure
our dataset’s relevance and robustness. First, we reviewed
the existing literature to identify key physical features such
as the core size of the nanoparticle (in nm), the shape of the
nanoparticle, the surface area (m?/g), aggregation state,
dissolution rate (mg/L), metal ion release (mg/L), and sur-
face chemistry that characterize a nanoparticle system, fo-
cusing on those with established or potential roles in
inducing toxicity (Nel et al., 2009). The core size deter-
mines the cellular uptake efficiency and intracellular distri-
bution, with smaller particles often showing greater
reactivity and deeper tissue penetration. The instances of a
core size value less than 100 nm were chosen for our study.
Morphology affects how nanoparticles interact with cellu-
lar membranes and organelles; for instance, rod-shaped
particles may induce higher stress responses than spherical
ones. The surface area is directly related to the extent of
contact with biological systems and thus governs the rate of
surface-driven reactions. The aggregation state influences
the effective surface area and bioavailability, thereby mod-
ulating the toxicity profiles in vitro and in vivo. The disso-
lution rate is particularly crucial for metal oxide
nanoparticles, as the release of ions contributes to oxidative
stress. Metal ion release is a key mechanism of toxicity,
especially for ZnO, AgO, and CuO nanoparticles, where
ions disrupt cellular homeostasis. Finally, surface chemis-
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try determines protein corona formation, cellular recogni-
tion, and immunogenicity, making it a critical modulator of
the nanoparticle’s biological identity (Sun et al., 2024).
Additionally, we have included features that are commonly
measured as indicators of nanoparticle toxicity, distin-
guishing between properties that contribute to toxicity and
those that are used to assess its effects, and included them
in our dataset. These features are Reactive Oxygen Species
(ROS) production, zeta potential, membrane damage,
apoptosis, necrosis, IC50, and cell viability, all of which
are commonly used indicators of nanoparticle toxicity.
ROS production reflects oxidative stress, a primary mecha-
nism by which many nanoparticles induce cellular damage.
The zeta potential is a proxy for the surface charge, influ-
encing the nanoparticle—cell interactions, the stability of
the nanoparticles in biological media, and the potential for
their membrane disruption. Membrane damage, along with
apoptosis and necrosis, directly measures cell death path-
ways triggered by toxic insults. IC50 (half-maximal inhib-
itory concentration) quantifies the effective dose at which
50 % of the cell population is inhibited, serving as a stan-
dardized toxicity threshold. Cell viability captures the
overall survival rate of cells and is one of the most widely
used endpoints in nanotoxicology (Liu et al., 2015).

We included three additional features in our dataset: the
exposure dose of the nanoparticle, the exposure time, and
the cell type, which are necessary for the predictions. Fi-
nally, we added four fundamental features of the nanoparti-
cle core to our dataset. We chose the group number, period
number, atomic weight of the metal in the metal oxide, and
the electronegativity difference of the elements in the
nanoparticle core to explore how fundamental periodic
trends and electronic properties influence the nanoparti-
cles’ behavior in biological systems. These properties can
affect key interactions such as ion release, oxidative stress
potential, and binding affinity to biomolecules, all of which
play a vital role in determining nanoparticle toxicity. In to-
tal, our curated dataset comprises 20 features, encompass-
ing physical characteristics, toxicity indicators, exposure
conditions, and core material properties, each selected to
provide a comprehensive and mechanistically relevant ba-
sis for the predictive modeling of nanoparticle cytotoxicity.
We selected a binary classification system for our toxicity
label, where 0 is non-toxic and 1 is toxic. The binary clas-
sification of toxicity simplifies the output, enhancing prac-
tical applications in safety assessments. To develop a
dataset suitable for predictive modeling, it was necessary to
assign toxicity labels to each nanoparticle instance based
on well-defined criteria. We labeled the data by either set-
ting thresholds for toxicity based on established scientific
literature or directly using experimentally reported toxicity
classifications when available. For instance, IC50 values
below a certain threshold indicate high toxicity. Similarly,
cell viability percentages and ROS production levels were
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assessed against pre-defined toxicity cutoffs to ensure con-
sistency in classification. To classify an experimental in-
stance as toxic or non-toxic, we decided to determine our
label using established thresholds and expert guidance.
The individual thresholds were as follows: IC50 value
<100 pg/mL, cell viability <70 % (as per ISO 10993-5:
2009 guidelines, https://www.iso.org/standard/36406.html),
ROS production greater than twice the control value (Nel et
al., 2009), or zeta potential in the range between —30 mV
and 30 mV (Frohlich, 2012). These thresholds were consid-
ered highly probable indicators of cytotoxicity and were
labeled as toxic. For this study, if the cells undergoing
apoptosis and necrosis increased by 20 %, we assumed that
there was sufficient oxidative stress damage that the system
could not recover, and we labeled the nanoparticle system
as cytotoxic (Akter et al., 2018). These thresholds were in-
troduced to accommodate the differences in the chemical
composition of the metal oxide nanoparticles being used.

2.3 Dataset preparation and correlation analysis

An important step in machine learning is ensuring that
our dataset is suitable for training a model. The motivation
for developing a methodology to prepare a dataset stems
from the scarcity of uncorrelated features reported in the
literature (Furxhi et al., 2020). We use a correlation matrix
to verify whether a dataset is correlated. A correlation ma-
trix quantifies the linear relationships between the numeri-
cal features in a dataset. It is an #n X n symmetric matrix R,
where each element R ; represents the Pearson correlation
coefficient between features X; and X,. The Pearson correla-
tion coefficient was calculated using Eqn. (1).

R, - cov(X;, X)) 0

GX,' .GXI'

where, cov(X,, X)) is the covariance between features X; and
X, and 0, and o, are their standard deviations. The Pearson
correlation coefficient values range from —1 (indicating an
inversely proportional relationship) to +1 (indicating a di-
rectly proportional relationship), with 0 indicating no linear
relationship between any two features. This matrix pro-
vides insights into feature dependencies, aiding in relevant
feature selection and multicollinearity analysis.

Before computing the covariance matrix, we pre-
processed the data by removing the rows with missing
values and encoding the categorical features. Categorical
data were label-encoded, except for the toxicity label,
which was assigned a binary encoding. The feature for cell
type, which consists of over 25 different cell types, was
categorized into five major groups:

0: Human Cancer Cells
1: Normal Human Cells
2: Mouse/Rat Cells

3: Non-Mammalian Cells
4: 3D Stem Cells

Similarly, features such as surface chemistry and ROS
production score have been categorized based on their
scores and have been provided in the J-STAGE Data
(https://doi.org/10.50931/data.kona.29672717). We have
classified the input and output features as listed in Table 1
for our analysis. In addition, we plotted the physical fea-
tures, toxicity indicators, exposure features, and fundamen-
tal features in our dataset for the correlation matrix of the
nanoparticles (see Fig. 1). The correlation matrix, shown in
Fig. 1, illustrates the relationships among all features. The
color intensity indicates the strength and direction of the
correlation, where blue represents negative correlations,
red represents positive correlations, and white represents

Table 1 Classification of the input and output features for nanoparticle toxicity modeling.

Input variables (nanoparticle characteristics and experimental conditions)

Output variables (performance or biological responses)

core size (nm)

zeta potential (mV)
surface area (m?/g)
aggregation state
dissolution rate (mg/L)
metal ion release (mg/L)
impurity content (%)
surface chemistry
oxidative potential
exposure dosage (pg/mL)

exposure time (h)

cell type

ROS production
membrane damage (%)
apoptosis (%)

necrosis (%)

1C50 value (pug/mL)
cell viability (%)

toxicity
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Fig. 1

weak or no correlation. From the heatmap (Fig. 1), it is
evident that most feature correlations are close to zero, in-
dicating the absence of strong positive or negative relation-
ships between features. The average Pearson correlation
coefficient value of 0.19 further supports the relationships
between features, confirming that our dataset is largely
uncorrelated. This indicates that our dataset does not suffer
from multicollinearity, making it well-suited for feature
selection.

In our analysis, we identified that several biological re-
sponse features including ROS production, membrane
damage (%), apoptosis (%), necrosis (%), IC50 value
(ug/mL), and cell viability (%) demonstrated significant
correlations with the physical properties of the nanoparti-
cles such as core size (nm), surface area (m?/g), and disso-
lution rate (mg/L). For instance, ROS production shows a
strong correlation with the surface chemistry (R =0.69)
and oxidative potential (R = 0.63) (as seen in Fig. 1), indi-
cating that changes in the nanoparticle surface characteris-
tics are closely linked with the oxidative stress responses in
cells. Here, R refers to the Pearson correlation coefficient.
Similarly, membrane damage due to apoptosis (0.89) and
necrosis (0.70) were highly correlated, reflecting the de-
pendency of these toxicity indicators on each other. These
features, being the derivative responses of primary physical
interactions, may not provide independent information be-
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yond what is already predictable from the physical features.
Furthermore, the zeta potential (mV), which affects the
nanoparticle stability and cellular interaction, also shows
correlations with several cytotoxic response variables,
suggesting that its effects may be implicitly modeled
through other physical features. The exclusion of these
correlated biological response variables is expected to
simplify the model without sacrificing predictive accuracy.
This reduction in features not only enhances the computa-
tional efficiency but also directs the model’s attention to-
ward the most impactful and independent features. In
summary, our feature selection strategy prioritizes physical
properties that directly influence cytotoxic outcomes,
thereby ensuring that our predictive model remains robust.

Our dataset’s low correlation ensures that each physical
feature contributes uniquely to the prediction of nanoparti-
cle toxicity, preventing misleading results driven by multi-
collinearity. This independence strengthens
selection methods like Principal Component Analysis
(PCA), allowing us to refine our dataset further without
losing critical information.

feature

3. Modeling and preliminary toxicity
assessment
3.1 Model selection and training
To evaluate the predictive performance of our
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pre-processed dataset, we selected two machine learning
models: a gradient boosting machine (GBM) and a support
vector machine (SVM) with a Radial Basis Function (RBF)
kernel. These models were chosen based on their ability to
handle nonlinear relationships, feature dependencies, and
structured datasets, which are critical in nanoparticle toxic-
ity prediction. GBM is an ensemble learning method that
sequentially improves weak decision trees by minimizing
prediction errors (Natekin and Knoll, 2013). This method is
particularly useful for datasets where multiple physico-
chemical and molecular descriptors contribute to toxicity
through complex interactions. SVM-RBF, on the other
hand, is a robust classification algorithm that maps input
features into a higher-dimensional space to capture nonlin-
ear relationships (Suthaharan, 2016). Toxicity prediction is
not a simple linear problem, and the ability of SVM-RBF
to maximize class separation while handling structured,
well-defined clusters makes it a strong candidate for this
task. Furthermore, SVM—RBF is resistant to overfitting in
moderate-sized datasets, making it a robust alternative to
tree-based methods. By comparing these models, we can
determine whether toxicity outcomes are best predicted
through feature interaction-driven learning (GBM) or
high-dimensional decision boundary optimization (SVM—
RBF). To validate our model choices, we assessed their
accuracy, precision, recall, and F1-score. In addition, plot-
ting the receiver operating characteristic (ROC) curves al-
lows us to compare the classification performance (toxic/
non-toxic). We used the following features based on our
analysis of lowly correlated features (Fig. 1) to train our
model to make predictions: core size (nm), shape, surface
area (m?%/g), aggregation state, dissolution rate (mg/L),
metal ion release (mg/L), surface chemistry, reactive oxy-
gen species potential, exposure dosage (ug/mL), exposure
time (h), cell type, atomic weight, electronegativity differ-
ence, group, and period. The maximum correlation value
for these tested features was less than 0.35, excluding the
fundamental molecular features. The dataset was divided
into 80 % for training and 20 % for testing for both models.
After dataset splitting, a standard scaler was applied to
prepare our data for machine learning.

3.2 Model evaluation and metrics

To optimize the model performance, the hyperparame-
ters for both the GBM and SVM-RBF models were tuned
using a grid search with k-fold cross-validation. For our
GBM model, we report an accuracy of 0.83, a precision of
0.78, a recall of 0.77, and an F1-score of 0.78 (Fig. 2). For
our SVM-RBF, we report an accuracy of 0.81, precision of
0.82, recall of 0.81, and F1-score of 0.78. The GBM model
achieved a ROC-AUC (Receiver Operating Characteristic—
Area Under the Curve) of 0.83, demonstrating robust pre-
dictive capabilities. Although SVM’s ROC-AUC was
0.79, which was slightly lower, its good recall value also

ROC Curves
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Fig.2 Comparison of ROC-AUC curves for the selected models to
identify the optimal model.

makes it particularly suited for identifying toxic nanoparti-
cles. These results validate our pre-processing approach
and feature selection and confirm the dataset’s robustness
for accurate toxicity prediction using machine learning
models. After these initial runs, we applied hyperparameter
optimization for the parameters used for GBM and SVM—
RBEF. GridSearchCV is a technique for finding the optimal
parameter values from a given parameter grid. The opti-
mized GBM achieved a train ROC—AUC score of 0.85 and
a test ROC-AUC of 0.83, confirming excellent generaliza-
tion capability. This improvement highlights the GBM’s
ability to capture complex interactions among the nanopar-
ticle properties effectively. Similarly, optimization im-
proved the SVM model, yielding a train ROC-AUC of
0.80 and a test ROC-AUC of 0.81. Although slightly lower
than that of GBM, this score demonstrates SVM’s strong
classification performance and supports its use as an effec-
tive alternative for nanoparticle toxicity prediction.

3.3 Correlation and PCA of the dataset

To ensure the integrity and predictive strength of our
model, we performed a two-step analysis involving feature
correlation assessment and PCA. Our objective was to se-
lect features that are not only relevant to nanoparticle tox-
icity prediction but also exhibit minimal redundancy. We
began by focusing exclusively on the physical, exposure,
and fundamental features of the nanoparticles. Fig. 3 pres-
ents the correlation heatmap of the selected features. With
an average Pearson correlation coefficient of 0.23, the
heatmap reveals that most feature pairs exhibit weak or no
linear relationships. This coefficient value indicates a
well-balanced dataset with minimal multicollinearity. For
instance, features such as core size (nm) and electronega-
tivity difference show little overlap in information content,
underscoring their unique contribution to the predictive
space. Some moderate correlations, such as between the
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Correlation Heatmap of Selected Features (Avg Corr: 0.2467)
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Fig.3 Correlation matrix for selected features.

dissolution rate and metal ion release, are scientifically
expected due to shared physicochemical mechanisms.

To further evaluate feature redundancy and dimensional-
ity, we conducted PCA on the same set of features (Fig. 4).
The explained variance plot shows that the first five princi-
pal components (dissolution rate, aggregation state, core
size, surface chemistry, exposure dosage) capture over
70 % of the total variance, and about 10 components are
required to explain nearly all the variability in the data.
This plot confirms that while the features are largely
non-redundant, a few dominant axes of variation exist, in-
dicating meaningful biological and chemical interactions.

We retained features that are both independent and infor-
mative, ensuring that our models avoid overfitting
(0.85-train, 0.83-test for GBM, 0.86-train, 0.81-test for
SVM-RBF) while capturing the essential mechanisms un-
derlying nanoparticle-induced toxicity.

3.4 Confusion matrix analysis

We analyzed the predictions of our model by creating a
confusion matrix, as shown in Fig. 5. A confusion matrix is
a table that summarizes the performance of a classification
model by showing the counts of true positives, true nega-
tives, false positives, and false negatives. The confusion
matrix on the left is for the GBM, for which we observe a
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sensitivity of 97.7 % and a specificity of 50 %. Similarly,
we obtained a sensitivity of 95.5 % and a specificity of
50 % for the SVM-RBEF kernel. The high sensitivity values
indicate that the actual positive cases were correctly pre-
dicted as positive. These sensitivity values demonstrate
that our models rarely missed actual positives, making
them well-suited for cytotoxicity prediction where detect-
ing toxic cases is critical. However, a specificity of 50 %
for both models implies that only half of the actual negative
cases were correctly identified as negative.

3.5 Optimization parameters for toxicity
predictions

For the predictions in unseen feature values, we report
the trend of exposure dosage versus core size to obtain the
toxicity range for our dataset of four metal oxide nanopar-
ticles. From PCA (Fig. 4), we trained our data only on five
features that exhibited a 70 % variance. For this prediction
analysis, we have chosen two features from our test set data
set to avoid low interpretability and maintain clarity in vi-
sualizing their trends against toxicity. Core Size (nm) and
Exposure Dosage (png/mL) were selected, and other physi-
cal features were kept constant, such as Surface Chemistry
at 4 which was label encoded for uncoated particle, Oxida-
tive Potential at score 3, etc. Additional constant parameter
encoding values can be found in the J-STAGE Data (https://
doi.org/10.50931/data.kona.29672717). Figs. 6 and 7 rep-
resent two-dimensional and three-dimensional heatmaps,
respectively, of the core size (0—100 nm), exposure dosage
(0-1000 pg/mL), and the color scale corresponds to the
toxicity probability.

The pockets of non-toxic predictions (blue regions) were
observed in specific parameter spaces, particularly within
core sizes at 20, 35, 40, 60, and 90 nm, and exposure dos-
ages ranging from 400 to 500 pg/mL (Fig. 6). These re-
gions demonstrate that toxicity is not solely dictated by

Heatmap of Toxicity Probability vs Core Size and Exposure Dosage

1000

800

600

400

Exposure Dosage (pg/mL)
Toxicity Probability

200

Core Size (nm)

Fig. 6 2D representation of toxicity prediction trends: exposure dos-
age versus core size.

exposure dosage and core size but also by physicochemical
properties such as surface chemistry, oxidative potential,
and the cell type used. The blue region also indicates the
need for searching more data, as there are inconsistent
trends due to missing data for some feature ranges. Both
visualizations reveal a correlation between the exposure
dosage and toxicity probability. As expected, higher
nanoparticle concentrations resulted in increased toxicity
predictions, aligning with the established cytotoxicity
mechanisms. Notably, nearly all configurations are classi-
fied as toxic at very high exposure levels (greater than
800 pg/mL). This observation underscores the importance
of dosage control in nanomaterial applications, particularly
in biomedical contexts where excessive accumulation can
lead to significant cellular stress.

Unlike the 2D heatmap, the 3D visualization in Fig. 7
reveals the gradient and curvature of the response surface,
highlighting the nonlinear interactions between the two in-
put features. The surface topology depicts a plateauing be-
havior at high exposure dosages and small core sizes,
where the toxicity probability approaches saturation. We
can clearly observe the model capturing the core size of
0-10 nm as toxic for any exposure dosage above a negligi-
ble value, as seen in Fig. 7. This phenomenon indicates that
small core size, leading to a higher surface area, can cause
cytotoxicity. Similarly, as the core size increases, the cyto-
toxicity label tends to reduce, although it always tends to
predict toxic for higher exposure dosage.

Despite capturing the expected trends, the model exhib-
its several limitations. The inconsistency of the three-
dimensional surface plot shows uncertainty in certain
regions, most likely due to data sparsity in the training
dataset. Additionally, the heatmap (Fig.7) contains

3D Surface Plot of Core Size, Exposure Dosage,
and Toxicity Probability

Toxicity Probability

Corg 60
S/'ze
oy 80 0 &

Fig. 7 3D representation of toxicity prediction trends: exposure dos-
age versus core size.
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interpolation artifacts that may not fully reflect the underly-
ing biological trends. These inconsistencies highlight the
need for expanded datasets to enhance model generaliz-
ability. Furthermore, the predominance of toxic predictions
implies a potential class imbalance in the training data,
warranting future dataset refinement to ensure adequate
representation of non-toxic cases. This dataset refinement
can be performed by selecting more non-toxic instances
while creating the dataset, using adaptive sampling to
maintain class balance. To improve model robustness,
work in progress is focusing on dataset balancing tech-
niques such as synthetic augmentation of non-toxic cases
and the integration of additional experimental cytotoxicity
data. Moreover, validating the identified non-toxic regions
through empirical nanoparticle synthesis and biological
assays is crucial to confirm the model’s predictive reliabil-
ity. By refining the predictive capabilities and validating
against real-world toxicity assessments, this framework
can ultimately serve as a guiding tool for safer nanoparticle
design.

4. Summary and conclusions

The findings of this study emphasize key takeaways that
contribute to advancing machine learning applications in
predicting nanotoxicology. First, the importance of com-
prehensive dataset curation is highlighted, ensuring that the
machine learning models are trained on diverse and repre-
sentative data. In our study, we successfully created a
dataset with an average Pearson correlation value of 0.19.
Second, we were able to identify five critical parameters
(dissolution rate, aggregation state, core size, surface
chemistry and exposure dosage) which could explain the
70 % variance in our dataset. Further, when our model was
trained on a GBM and SVM-RBF on our dataset, we ob-
tained an accuracy of 83 % and 81 %, respectively, indicat-
ing the robustness of our data on models better suited for
nonlinear relationship capture. Finally, when our model
was used for the prediction of unseen feature values for the
five selected features through PCA, we observed three
main takeaways. First, the model captures the toxicity of
the nanoparticles for all core sizes below 10 nm irrespec-
tive of other features. Second, above an exposure dosage
value of 800 pg/mL we get toxic ranges irrespective of the
core size. Finally, we observed a range of values from 400
to 500 pg/mL where there were pockets of the non-toxic
nanoparticle regime. These observations underscore the
need to expand the dataset further to capture more continu-
ous and consistent feature trends that have not been cap-
tured in our current dataset.

As also experienced during the above reported efforts, a
major challenge faced by developers of machine learning
models is the lack of reliable, high-quality data that has
been replicated identically across experimental investiga-
tions reported in the literature. This issue often stems from
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a limited appreciation and understanding of which particle
and powder properties influence their behavior in both dry
and wet states and how they do so. Additionally, method-
ological inconsistencies across studies further complicate
data reliability. It is well established that variations in
manufacturing processes, environmental conditions during
and before measurement, and differences in measurement
techniques and instruments can all significantly impact the
quality and consistency of data.

A review of the existing literature reveals a broad range
of relevant particle and powder properties that must be
considered—these include not only basic characteristics
but also methodological (e.g., fabrication techniques, mea-
surement tools) and environmental factors (e.g., handling,
storage, and biological media used during testing). Compil-
ing and scoring the reliability of source data based on how
thoroughly these critical details are documented in publica-
tions is desperately needed. This, in turn, would help mod-
elers to assess the significance of their findings relative to
the quality of the underlying data in order to develop defin-
itive predictive models.

S. Future work

Despite achieving promising results in toxicity predic-
tion using machine learning, there remain unresolved
questions regarding the molecular-scale mechanisms driv-
ing cytotoxicity. Predictive models based on bulk physico-
chemical properties provide correlations but do not fully
capture the atomic-level interactions that lead to toxicity
outcomes. To address this gap, future work will integrate
Molecular Dynamics (MD) simulations and machine learn-
ing to establish a multi-scale modeling framework. The
next phase of this research will involve MD simulations to
model nanoparticle interactions with cellular components
such as lipid bilayers and proteins. By simulating aggrega-
tion, protein corona formation, and membrane penetration,
we aim to provide a mechanistic understanding of how
surface chemistry, charge distribution, and nanoparticle
dissolution influence cytotoxic effects at the atomic level.
These results will be incorporated into our machine learn-
ing framework as new features that reflect the dynamic
rather than static nanoparticle properties.

Data Availability Statement

We provide access to our dataset, label encodings and
procedure for using LLM for data structuring in J-STAGE
Data (https://doi.org/10.50931/data.kona.29672717).
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