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ABSTRACT: Computational toxicology, which integtates computational modelling,
artificial intelligence (Al), and systems biology, is a powerful tool for improving the safety
assessment of functional foods and herbal medicines. The review focuses on trecent
advances in computational tools such as quantitative structure—activity relationship
(QSAR) modeling, molecular docking, molecular dynamics simulation, read-across
methods, and prediction of ADMET and network toxicology for predicting the
toxicological profile of bioactive compounds. The role of machine learning, deep learning,
explainable Al, and predictive toxicology platforms in enhancing the accuracy of toxicity
prediction is discussed. In addition, the review emphasizes the use of multi-omics
approaches such as toxicogenomics, proteomics, metabolomics, and integrated systems
toxicology to gain insights into mechanisms of toxicity. The current regulatory
perspectives, such as OECD, FDA and EFSA guidelines, are also discussed along with
validation strategies for models. Finally, the existing challenges, future research directions,
and the potential of Al-driven precision toxicology are discussed. It is envisioned that
computational toxicology will be a game-changer in the rate of risk assessment,

minimizing animal testing, improving the science of regulatory decision-making, and
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providing a scientific blueprint for safe and effective functional foods and herbal

therapeutics.

1. INTRODUCTION

Due to their nutritional properties and a wide range of biological activities like anti-inflammatory, antimicrobial, antioxidant,
immunomodulatory, and anticancer, functional foods and herbal products are becoming significant players in the healthcare
industry and are viable therapeutic agents for the prevention and management of chronic diseases like cardiovascular disorders,
diabetes, obesity, and cancer (1). These products ate rich in various bioactive phytochemicals, such as polyphenols, flavonoids,
alkaloids, terpenoids, phenolic acids, and glycosides, which have therapeutic efficacy but can also be toxic under specific
circumstances (2). While functional foods and herbal medicines are generally considered safe, they can be highly dangerous
because of the presence of natural toxicants, heavy metals, herbicide residues, mycotoxins, microbial organisms and pathogens,
use of synthetic pharmaceutical drugs, and overuse or clinically important drug—herb interactions (3). Comprehensive
toxicological evaluation has become necessary; therefore, to assure product quality, efficacy, and consumer safety (4). The
traditional toxicity testing approaches are based on in vitro assays, animal experiments, and clinical trials, but these are costly,
labor-intensive, ethically questionable, and unsuitable for the rapid screening of thousands of natural compounds identified
annually (5). Given these limitations, computational toxicology has developed into a state-of-the-art multidisciplinary science
that integrates cheminformatics, bioinformatics, quantitative structure—activity relationship (QSAR) modeling, molecular
docking, molecular dynamics simulations, read-across strategies, network toxicology, and artificial intelligence (Al)-based
predictive algorithms to estimate the toxicological outcome efficiently without the need to sacrifice animal use (6). The
prediction of hepatotoxicity, nephrotoxicity, cardiotoxicity, genotoxicity, carcinogenicity, reproductive toxicity, and endoctine
disruption of phytochemicals and functional food ingredients has been significantly improved by the increased development of
machine learning, deep learning, and multi-omics integration (7). Moreover, there has been increasing acceptance of in silico
chemical hazard identification, risk assessment, and regulatory decision-making methods by internationally recognized
regulatory agencies like the Organisation for Economic Co-operation and Development (OECD), European Food Safety
Authority (EFSA) and the U.S. Food and Drug Administration (FDA) (8). As a result, computational toxicology is emerging as
an essential and valuable tool for rapid safety evaluation, precision nutrition, standardization of herbal products and facilitating

the development of safer functional foods using reliable, cost-effective, and mechanism-based predictive approaches (9).
2. FUNCTIONAL FOODS AND HERBAL PRODUCTS: SAFETY AND TOXICOLOGICAL CONCERNS

Apart from nutrition, the active ingredients in functional foods, nutraceuticals, and herbal health products have proven to be
of great value in the field of health care and disease prevention (6). The concept of functional foods includes concentrated
foods (foods containing high levels of dietary fibre, probiotics, omega-3 fatty acids, vitamins, minerals, and polyphenols), which
are added to food products for health purposes, and naturally occurring or fortified foods with high levels of bioactive
substances for a particular health application (nutraceuticals) (7). Medicinal plants used in herbal medicine are rich in a variety
of phytochemicals like flavonoids, alkaloids, terpenoids, phenolic acids, tannins, glycosides, and saponins, which have
antioxidant, anti-inflammatory, antimicrobial, anticancer, immunomodulatory, and cardioprotective properties (8). While they
have beneficial properties, it is still crucial to consider the safety of natural products due to the presence of toxic
phytoconstituents in natural sources or the possibility of contamination during cultivation, harvesting, processing, storage, and
commercialization. Some frequent contaminants found in food that can cause hepatotoxicity, nephrotoxicity, neurotoxicity,
reproductive toxicity, carcinogenicity, and affect product quality are heavy metals (such as lead, cadmium, mercury, and arsenic),
pesticide residues, mycotoxins, microbial pathogens, residual solvents, and adulterants (9). Moreover, medicinal plants may be
misidentified, some are intentionally adulterated with synthetic medicines, and there may be other health risks involved (10).
Herb—drug interactions are another important area of concern, where the phytochemicals of the herb can interact with
conventional drugs by binding to and inhibiting cytochrome P450 enzyme(s), drug transporters or metabolic pathways, which
results in reduced efficacy of the conventional medication or enhanced toxicity (11). There are well-documented interactions
between the herbals St. John's wort, ginkgo, gatlic, ginseng, turmeric, and gteen tea with prescription drugs that highlight the
clinical significance of the need to monitor herbal product use when a patient is taking a prescription medication (12). Therefore,
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it is important to use strict quality control, standardization, toxicological studies, and risk assessment calculations when assessing
the human health impact of functional food products and herbal products, to ensure their safety, efficacy, and regulatory

compliance.
3. PRINCIPLES OF COMPUTATIONAL TOXICOLOGY

Computational toxicology is an interdisciplinary science, bringing together toxicology, chemistry, bioinformatics, computational
biology, artificial intelligence (AI), and data science to predict, understand, and assess the toxic potential of chemicals,
phytochemicals, functional food ingredients, and herbal products without the sole application of traditional animal testing (12).
The goal of computational toxicology is to use in silico tools and quantitative structure—activity relationship (QSAR) modeling,
molecular docking, molecular dynamics simulation, read-across techniques, physiologically based pharmacokinetic (PBPK)
modeling, network toxicology, and machine learning algorithms to enhance the efficiency, accuracy, and cost-effectiveness of
chemical safety evaluation (13). These computational methods can predict many toxicity endpoints, including acute and chronic
toxicity, hepatotoxicity, nephrotoxicity, cardiotoxicity, neurotoxicity, genotoxicity, mutagenicity, carcinogenicity, reproductive
toxicity, developmental toxicity, immunotoxicity, and endocrine disruption, before experimental validation (13). In recent years,
the power of computational toxicology to predict toxicity, to provide explanations of the toxicity mechanism, and to become
an important tool in the assessment of chemical and food safety has been rapidly increasing, especially with the advent of deep
learning and explainable artificial intelligence (14). High quality toxicological databases that include the chemical structure,
biological activity, exposure data, and toxicological outcomes of chemicals—all confirmed by experiments- are critical to reliable
toxicity prediction. Many resources are available, such as PubChem, ChEMBL, ToxCast, Tox21, Comparative Toxicogenomics
Database (CTD), OECD QSAR Toolbox, LiverTox, and DrugBank, that can be used for model development, validation, and
regulatory decision-making (15). These databases can facilitate integration, discovery, and analysis of biomarkers, pathways, and
risk assessments of regulations, and provide transparency and reproducibility of computational research. Thus, computational
toxicology has become an important means to evaluate the safety of functional foods, nutraceuticals, and herbal medicines to
accelerate hazard identification, reduce costs of experiments, animal usage, and aid the regulatory process based on solid

evidence to safeguard public health.
4. COMPUTATIONAL APPROACHES FOR TOXICITY PREDICTION

Computational approach has revolutionized toxicity assessment, allowing a rapid, cost-effective, and mechanistic prediction of
the safety of functional foods, nutraceuticals, and herbal products before experimental testing. Among these, a quantitative
structure—activity relationship (QSAR) model can be developed that can predict the biological and toxicological properties of
chemical substances based on their structural and physicochemical properties, which can help to reduce the use of animals in
testing and the evaluation of chemical hazards as early as possible (15). Along with QSAR, molecular docking is another tool
to predict the interaction between phytochemicals and molecular targets that are related to toxicity, which provides important
information regarding the binding affinity, molecular recognition, and adverse biological responses (16). These interactions can
further be validated by molecular dynamics (MD) simulation to help gain more confidence in predictions of the toxic behavior
of protein—ligand complexes under physiological conditions (17). Another popular computational approach that is widely used
is the read-across method, where the toxicity of a compound that is not tested can be estimated by comparing it to other
compounds with similat structures and/or mechanisms of action on which validated toxicological data have been obtained, and
itis an important tool for chemical safety assessment in regulatory decision making (18). Furthermore, Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET) prediction is now a necessity to describe the pharmacokinetic properties and
to help identify potential toxic liability, such as hepatotoxicity, cardiotoxicity, mutagenicity, carcinogenicity, and reproductive
toxicity, duting product development (19). Recently, a systems biology approach called network toxicology was introduced to
elucidate the complex pathways involved in natural product and functional food-induced toxicity, which integrates molecular
targets, signaling pathways, protein—protein interactions and multi-omics (20). The set of these complementary computational
tools can be used for predicting toxicity, to speed up safety assessment, to reduce the number of experiments, to minimize
animal use, and to guide regulatory decisions. The entire process of these integrated computational methods for the safety
evaluation of functional foods and herbal products is highlighted in Figure 1, indicating the sequential process from compound
identification through computational analysis, toxicity prediction, and risk assessment.
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Figure 1. Computational Toxicology Workflow for Functional Foods and Herbal Products
5. ARTIFICIAL INTELLIGENCE AND MACHINE LEARNING IN COMPUTATIONAL TOXICOLOGY

The computational toxicology field has been revolutionized by the advent of artificial intelligence (Al) and machine learning
(ML), which enable the prediction of the toxicological profile of functional food ingredients, nutraceuticals, and herbal
phytochemicals to be performed rapidly, accurately, and in a high-throughput manner (21). Using machine learning models
(random forest, support vector machine (SVM), decision tree, k-nearest neighbor (k-NN), gradient boosting, artificial neural
networks, etc.), complex chemical descriptors, and biological data sets allow for multiple toxicity endpoints to be predicted,
including hepatotoxicity, nephrotoxicity, cardiotoxicity, genotoxicity, carcinogenicity, and endocrine disruption (22). In more
recent times, deep learning methods such as convolutional neural networks (CNNs), recurrent neural networks (RNNs), graph
neural networks (GNNSs), and transformer-based models have been shown to outperform traditional machine learning
techniques, as they can automatically learn complex molecular features from vast chemical databases (23). Many Al models,
however, remain “black-box,” which is not accepted by tregulators and/or biological interpretation. To tackle this issue,
Explainable Artificial Intelligence (XAI) has emerged as a crucial strategy for enhancing the transparency of Al models and
elucidating the molecular descriptors, structural alerts, and biological pathways contributing to toxicity predictions, thereby
fostering trust among researchers and regulators (24). Today, several platforms have enabled the ability to integrate the
capabilities of Al with cheminformatics and bioinformatics to support chemical hazard identification, virtual screening,
ADMET prediction, and regulatory risk assessment. The platforms that are widely used include VEGA, OECD QSAR Toolbox
(25), ProTox-3.0, DeepTox, ToxCast, and Tox21, which offer wide computational resources to assess the safety of natural
products and also cut down on testing on animals and reduce costs. Al algorithms will play a crucial role in precision toxicology,
personalized nutrition, and evidence-based safety assessment of functional foods and herbal medicine as they are further
developed and connected with multi-omics data, cloud computing, and big-data analytics.
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Computational Tool

QSAR Models

Molecular Docking

Molecular Dynamics

Random Forest

Support Vector Machine
SVM)

Deep Neural Networks
(DNN)

Graph Neural Networks
(GNN)

ProTox-3.0

VEGA Platform
OECD QSAR Toolbox
ToxCast & Tox21

SwissADME

Table 1. Major Computational Toxicology Tools and Their Applications

Methodology

Structure—activity

relationship

Protein—ligand
interaction

Dynamic simulation

Machine learning

Machine learning

Deep learning

Deep learning

Al platform
QSAR-based platform
Read-across/QSAR

High-throughput

screening

ADMET prediction

Primary Application

Chemical toxicity prediction
Target-based toxicity analysis
Stability of protein—ligand
complexes

Toxicity classification

Chemical hazard prediction

Latge-scale toxicity prediction

Molecular graph analysis

Toxicity and LD50 prediction
Regulatory risk assessment
Chemical safety evaluation

Toxicity pathway prediction

Pharmacokinetic evaluation

Major Toxicity Endpoints

Acute, chronic, mutagenicity

Hepatotoxicity, endocrine
distuption

Mechanistic toxicity

Multi-endpoint toxicity

Carcinogenicity, mutagenicity

Organ-specific toxicity

Drug-induced toxicity

Acute toxicity, organ toxicity
Multiple toxicity endpoints
Regulatory hazard assessment

Biological pathway

perturbation

Absorption, metabolism,

toxicity

6. MULTI-OMICS AND SYSTEMS TOXICOLOGY

In the era of multi-omics and systems toxicology, the functional assessment of foods and herbal products could be improved
considerably by computers, as new and extensive data on multi-level mechanisms of toxicity have become available.
Toxicogenomics studies the molecular fingerprinting of the expression of thousands of genes after exposure to bioactive
compounds and toxicants to identify molecular biomarkers, mechanism of toxicity and adverse outcome pathways of
hepatotoxicity, nephrotoxicity, carcinogenicity and endocrine disruption, etc. (27). While transcriptomic analysis is underway,
proteomic analysis will be conducted to identify changes in protein levels, modifications, and protein—protein interactions,
which will give insights into changes in protein function that cannot be gained from genomic analysis alone (28). Similarly,
metabolomics can provide an overall metabolic profile of the endogenous metabolites and metabolic pathways affected, which
allows for the early detection of biochemical changes and organ-specific toxicity resulting from exposute to functional food
components and herbal phytochemicals (29).

230
Natural Resources for Human Health (NRFHH)

https://nrfhh.com



Natural Resources for
Human Health
eISSN: 2583-1194

1. Input Sources 2. Multi-Omics Data Generation 3. Al & Computational Integration 4. Outputs & Applications

Functional Foods Toxicogenomics Data Preprocessing Toxicity Endpoints Prediction
(DNA / RNA) . = Hepatotoxicity, Nephrotaxicity,
@ i Gene expression Irm‘ = ! | = « Data deaning Cardiotoxicity, Neurotoxicity,
% T 1 oI [ = 4 « Normalization Genotoxicity, Carcinogenicity,
o miE T el L1« Pathway activation & . Fosture etraction Immunotoxicity, Endocrine disruption
otos Z ]
v L @ Biomarker Discovery
7 Al / Machine Learning Models Identfication of early
Herbal Products g ( « Protsin expression e » a = biomarkers and signatures
s . . PV L0 8 :
3 e A
Mo &9t 5% || || rmelap| | EE* AAAN | Mechanis Enicidetion
s i e w - Dosp Learning Ensemble Modets O identiication of afected
)/ ) o) 70 pathways and molecular
7 . _0 mechanisms
Matabolomics o s, @
(Metabolites) > ;
i i | ‘ :“”m‘_ . DS N Mot o [, Structure-Activity Relationship
Blosctive Compownils g il 2 “:'” - L 2 (Y’ Unking chemical siructures with
7,'chx:u, cia S IV, ) g i Integrative Network Analysis o toxicological outcomes
OYE ~ s g D
e Other Omics P » Network toxicky S 2 Risk Stratification
s (Epigenomics, & g, ° Elpenetcchanges ® ° . C‘:‘"""‘ n w Poputation-specific
Lipidomics, ¢ &« Lipid aiterations ® o Cousa nforance | and personalized risk
JuloRe QVC 7« Microbiome shifts & assessment
Toxicity Prediction Engine $

=3 *
S [ 3
@ .)__ - 4. Supporting Databases & Resources 5. Decision Support & Risk Assessment

|
[ =ow s ~ = ~ =2 o rad
SEEEEEES6 FA 52 @
PaChem CHEMBL TosCadt Tox2!  CTD  Druglank  KIGG  Resctome PRE Rk Risk Reguatory |
o Dedisicn Making
6. Benefits of Al-Driven Computational Toxicology
Reduces animal Time and cost /J' High-throughput Improved accuracy Supports regulatory @@ ¢ Promotes safe and effective
testing efficient llll screening and reliability acceptance a@n :':‘:':' foods & herbal
»

Figure 2. Al-Driven Computational Toxicology Framework

In a systems biology approach, multi-omics integration is being employed by combining information from different omic
technologies and artificial intelligence (AI) and machine learning with network analysis to enhance the ability to predict toxicity,
discover new biomarkers, and unravel complicated molecular interactions and adverse biological responses (30). This is
complemented by the introduction of Al-driven computational frameworks, which combine chemical structures, molecular
descriptors, omics data, signaling pathways and predictive algorithms, all connected to a single platform to enable more robust
hazard identification and individualized risk assessment. These integrated approaches result in increased prediction accuracy,
decreased experimental expenses, decreased animal use, and aid precision toxicology and regulatory decision-making. The
proposed integration of Al into multi-omics technologies for computational toxicity prediction and functional food/hetbal
safety assessment is summarized in Figure 2, showcasing the shift from generating vast amounts of biological data to intelligent
predictions of toxicity and risk assessment for functional food and herbal products.

7. REGULATORY PERSPECTIVES AND RISK ASSESSMENT

As the field of in silico continues to grow, the acceptance of this approach by regulators is gaining momentum, from the ability
to aid rapid hazard identification and data-gap filling to aid in chemical prioritization and reduce the use of animals. The
Otrganisation for Economic Co-operation and Development (OECD) provides agreed guidelines in the field of chemical safety
assessment for the assessment of quantitative structure—activity relationship (QSAR) models. The principles set out here are
that the regulatory QSAR model should have a specified endpoint, an unambiguous algorithm, a specified applicability domain,
appropriate measures of robustness and predictivity, and, if possible, it should be mechanistic (31). The OECD QSAR
Assessment Framework also contributes to the consistent and transparent evaluation of each prediction, multiple predictions
from different models and the capacity to apply the predictions for regulatory purposes (32). The U.S. Food and Drug
Administration has issued a call for development of new approach methodologies along the Predictive Toxicology Roadmap,
which involve the use of computational modeling, high-throughput screening, and mechanistic approaches as complementary
tools to be used in product safety evaluation (33). Similarly, EMA has been increasingly employing new approach methodologies
(NAM), such as QSAR, PBPK modeling, read-across, and omics data in food and feed risk assessment (34).EFSA guidance
emphasizes the importance of interpreting computational evidence within the framework of a weight-of-evidence approach
and integrating adequate chemical similarity, biological plausibility, exposure data, and uncertainty analysis. Therefore, a crucial
step of model validation is needed before using the in silico model for predicting the function of a functional food or a herbal
product. To assess data quality, reproduction, sensitivity, specificity, goodness of fit, external predictivity, applicability domain,
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and uncertainty, model validation should be considered. It is also important that the testing datasets used are independent of
the model datasets and that they are also reported separately to ensure transparency and prevent biased or unreliable conclusions
(35). Use of a single computational result for making a regulatory decision should be avoided; instead, computational prediction
should be used in conjunction with experimental data, exposure assessment, toxicokinetic data, and expert judgment. This
comprehensive approach can improve consumer protection and enable the safety assessment of multi-component natural

products by efficient, ethical, and scientifically sound procedures.
8. CHALLENGES AND LIMITATIONS

However, CT still has many scientific and technical problems that hinder the application of CT to the safety evaluation of
functional food and herbal products. Data quality, standardization and experimental validation of computational models are
very important. Natural products are extremely chemically diverse and variable, and as such are hard to build and validate
models. Furthermore, many Al models are "black boxes" that are hard to interpret and to regulate from a biological viewpoint.
Chronic exposure effects and inter-individual variability, as well as complex metabolic transformations, can also be overlooked
in computational predictions. Hence, computational methods need to be coupled with experimental and clinical studies for

reliable and comprehensive toxicological evaluation.
9. FUTURE PERSPECTIVES

The future of computational toxicology will involve various technologies, including Al, machine learning, multi-omics
integration, and high-performance computing. New technologies such as explainable Al, graph neural networks, and foundation
models are expected to increase prediction accuracy, improve the transparency of models, and increase trust in them for
regulatory purposes. Integration of genomics, proteomics, metabolomics, exposures, and clinical data will enable precision
toxicology and personalised risk assessment. The building of standardised databases, international collaborative platforms, and
harmonised regulatory frameworks will further consolidate computational safety evaluation, promote innovations, minimise

animal testing, and facilitate the development of safer functional foods, nutraceuticals, and herbal medicines.
10. CONCLUSION

The recent advancement of computational toxicology for functional foods and herbal product safety assessment is a powerful
and innovative tool combining QSAR modeling, molecular docking, molecular dynamics simulation, network toxicology,
artificial intelligence, and multi-omics technologies. These computational methods offer quick, inexpensive, and mechanistically
meaningful toxicity predictions and reduce reliance on traditional animal testing. While data quality, model validation, and
regulatory acceptance are still issues to address, ongoing advancements in computational science and Al are likely to overcome
these limitations. This synergy between the computational prediction and experimental validation will help to better describe
the risk, to ensure consumer safety, to aid in regulatory decision-making, and to aid the development of safe, effective, and

evidence-based functional foods and herbal therapeutics.
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