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in the toxicity profiling of ENMs, focusing on its potential to 
streamline nanotoxicological assessments and improve the 
safety evaluation of nanomaterials [6].

2. ARTIFICIAL INTELLIGENCE IN TOXICITY PROFILING
 Artificial intelligence, particularly machine learning (ML), 

is an umbrella term for algorithms designed to identify patterns 
within data, learn from these patterns, and make predictions 
or decisions based on the information [7]. The process begins 
with training a model on a dataset that contains labeled 
examples of different nanomaterials and their corresponding 
toxicological effects on human cells. The AI algorithm learns to 
associate specific characteristics of ENMs—such as size, shape, 
surface charge, and composition—with the observed biological 
outcomes, such as cytotoxicity, genotoxicity, or inflammation 
[8]. Once trained, the AI model can predict the toxicity of new, 
untested materials based on their physicochemical properties 
[9].

Supervised learning models, such as support vector 
machines (SVM), decision trees, and random forests, are widely 
used in toxicity profiling because they are effective at handling 
high-dimensional data and can produce accurate classification 
results [10]. These algorithms are trained on a set of features 
(the ENM properties) and a target (the observed toxicity) to 
create a predictive model. The model then uses these learned 
relationships to classify other materials, distinguishing between 
non-toxic and toxic materials. Additionally, regression models 
can be employed to predict continuous toxicity outcomes, such 
as the severity of cellular damage, based on input features [11].
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Engineered nanomaterials (ENMs) are rapidly emerging as transformative agents in fields such as drug delivery, imaging, and 

environmental remediation, offering unique properties not seen in bulk materials. Despite their promising applications, concerns 

have been raised about their potential toxicity to human cells. Traditional methods of evaluating nanomaterial toxicity are often 

slow, expensive, and fail to fully replicate the complex biological processes that occur in the human body. In recent years, artificial 

intelligence (AI) has emerged as a powerful tool to accelerate toxicity profiling by enabling high-throughput analysis of data and 

predictive modeling. This research explores the role of AI in the toxicity assessment of ENMs, with a focus on predicting their effects 

on human cells. By utilizing machine learning algorithms and integrating multi-omics data, AI can provide a more comprehensive and 

efficient approach to profiling the toxicological risks of ENMs, facilitating the development of safer nanomaterials.
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I.INTRODUCTION
The expanding use of engineered nanomaterials 

(ENMs) in various industries, from healthcare and electronics 
to environmental applications, raises concerns about their 
potential toxicological effects. Due to their small size and 
large surface area, ENMs exhibit distinct biological behaviors 
compared to bulk materials, which can lead to unforeseen 
interactions with human cells. These interactions may lead to 
cellular damage, inflammation, oxidative stress, and, in some 
cases, chronic diseases like cancer [1]. Traditional methods for 
assessing the toxicity of ENMs, such as animal models and in 
vitro assays, have limitations, including long timeframes, ethical 
concerns, and the inability to fully replicate human physiological 
conditions [2]. As the number of engineered nanomaterials 
increases, there is a pressing need for alternative approaches 
to predict their toxicity more efficiently and reliably [3].

Artificial intelligence (AI) has emerged as a promising 
tool to address these challenges. By leveraging machine 
learning (ML) and deep learning (DL) techniques, AI enables 
the analysis of large, complex datasets, identifying patterns 
and making predictions that would be difficult for traditional 
methods [4]. The integration of AI with nanotoxicology has the 
potential to drastically reduce the time and cost associated with 
toxicity testing while improving the accuracy and relevance of 
predictions for human health [5]. AI can analyze vast amounts 
of data from various sources, including the physicochemical 
properties of ENMs, gene expression profiles, proteomics, 
and metabolomics, to predict how these materials interact 
with human cells. This article discusses the application of AI 
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One of the key advantages of AI in toxicity profiling 

is its ability to process and integrate diverse types of data. 
Nanotoxicology involves complex interactions between ENMs 
and biological systems, making it difficult to predict toxicity 
using traditional testing methods. However, AI can handle 
multi-omics data—genomics, transcriptomics, proteomics, and 
metabolomics—by recognizing patterns across these different 
biological layers [12]. For example, changes in gene expression 
(from transcriptomic data) can be linked to alterations in protein 
activity (from proteomic data), which can then be connected 
to downstream metabolic shifts (from metabolomic data). By 
analyzing these datasets in combination, AI can generate more 
accurate and comprehensive toxicity profiles than any single 
data source alone [13].

3. INTEGRATION OF MULTI-OMICS DATA IN TOXICITY 
PROFILING

 The ability of AI to integrate multi-omics data is one 
of its most powerful applications in toxicity profiling [14]. 
Nanomaterials interact with human cells at multiple biological 
levels, and understanding the full scope of their effects requires 
data that spans from genetic changes to protein and metabolite 
alterations. Multi-omics approaches, which combine genomics, 
transcriptomics, proteomics, and metabolomics, provide a 
more holistic view of how ENMs impact cellular functions and 
biological pathways. AI can process these large datasets to 
identify toxicity biomarkers—molecular indicators of adverse 
biological effects—that are predictive of health risks [15].

The integration of multi-omics data allows for a deeper 
understanding of the mechanisms underlying nanomaterial 
toxicity. For instance, AI models can identify shifts in gene 
expression that correspond with changes in protein synthesis 
or metabolic pathways, which could signal the onset of toxic 
responses. This capability enables researchers to not only 
predict the potential toxicity of ENMs but also to gain insights 
into the specific biological processes that are affected [16]. By 
integrating different layers of omics data, AI can provide a more 
comprehensive toxicity profile, which is crucial for assessing 
the safety of nanomaterials before their application in humans 
[17].

Furthermore, AI algorithms such as deep learning 
techniques—specifically convolutional neural networks 
(CNNs) or recurrent neural networks (RNNs)—are well-suited 
for extracting meaningful patterns from complex, high-
dimensional data [18]. These algorithms can handle the intricate 
relationships between various omics layers and produce models 
that are capable of identifying subtle changes that might be 
indicative of toxicity. This ability to detect complex, nonlinear 
relationships is especially valuable in nanotoxicology, where 
interactions between nanomaterials and biological systems are 
often not linear or straightforward [19].

4. PREDICTIVE TOXICITY MODELING AND AI 
ALGORITHMS

 Predictive toxicity modeling involves training AI 
algorithms to predict the biological effects of ENMs based on 
their physicochemical properties [20]. The process of training 
an AI model typically involves compiling a large dataset of 
nanomaterials, along with their corresponding toxicity profiles. 
The model learns to associate specific characteristics—such as 
particle size, surface area, charge, and material composition—

with observed toxicity endpoints like cell death, oxidative stress, 
or inflammation [21]. Once trained, the AI model can predict the 
toxicity of new or untested nanomaterials by comparing their 
properties with those in the dataset [22].

One of the primary advantages of AI in predictive toxicity 
modeling is the ability to quickly screen large numbers of 
ENMs, reducing the need for lengthy in vitro or in vivo testing 
[23]. Machine learning algorithms like support vector machines 
(SVM) or random forests can efficiently classify nanomaterials 
as toxic or non-toxic based on their features, while regression 
models can predict the degree of toxicity [24]. Additionally, deep 
learning algorithms, particularly deep neural networks (DNN), 
are capable of handling more complex data, including multi-
omics information, and can improve prediction accuracy [25].

Another promising approach is the use of ensemble 
learning methods, which combine the predictions of multiple 
models to improve accuracy and reduce the risk of overfitting 
[26]. By pooling predictions from various algorithms, ensemble 
methods can provide more robust and reliable toxicity profiles. 
These models are especially useful when dealing with noisy or 
incomplete data, as the consensus of multiple models can help 
to mitigate errors and biases [27].

5. Challenges and Future Directions
 While AI holds tremendous potential for enhancing 

nanotoxicology, several challenges remain. One of the primary 
obstacles is the need for high-quality, comprehensive datasets. 
Reliable AI models require large amounts of labeled data, 
where both the properties of the ENMs and their corresponding 
biological effects are well-documented [28]. However, the 
availability of such datasets is currently limited, and many toxicity 
studies are constrained by small sample sizes or inconsistent 
reporting [29].

Another challenge is the interpretability of AI models. 
Machine learning algorithms, especially deep learning models, 
are often considered "black boxes," meaning it can be difficult 
to understand how they arrive at a particular prediction. This 
lack of transparency is a significant concern in toxicology, where 
understanding the rationale behind a prediction is essential for 
ensuring safety. Researchers are working on developing more 
interpretable models, such as explainable AI (XAI) techniques, 
which aim to make AI predictions more understandable to 
scientists and regulators [30].

Additionally, the translation of AI models into real-world 
applications requires extensive validation. Although AI can predict 
toxicity based on computational models, these predictions 
must be verified through experimental studies, such as in vitro 
cell assays, to ensure their reliability. Despite these challenges, 
ongoing advancements in machine learning, data integration, 
and computational power continue to enhance the effectiveness 
and applicability of AI in nanotoxicology [31].

6. CONCLUSION
AI-driven toxicity profiling is poised to revolutionize the 

field of nanotoxicology by offering a faster, more accurate, and 
cost-effective method of assessing the safety of engineered 
nanomaterials. Through the use of machine learning algorithms 
and the integration of multi-omics data, AI can predict the 
biological effects of ENMs on human cells, enabling the 
identification of toxicity biomarkers and the understanding of 
underlying mechanisms. While challenges remain in terms of 
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data quality, model interpretability, and experimental validation, 
the future of AI in nanotoxicology looks promising. With further 
advancements, AI will play a crucial role in ensuring the safe 
development and application of nanomaterials in various 
industries, including healthcare, electronics, and environmental 
management.
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