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Abstract

The rapid expansion of the global nutraceutical industry has heightened the urgency for
rigorous yet efficient safety assessment of food-derived bioactives. Conventional toxico-
logical methods, while indispensable, are often costly, time-consuming, and insufficient to
keep pace with the rapid product innovation in this sector. In this context, in silico models
for predicting Absorption, Distribution, Metabolism, Excretion, and Toxicity (ADMET),
alongside broader computational toxicology tools, are increasingly recognized as scalable
and cost-effective strategies for early-stage safety evaluation of nutraceuticals. Techniques
such as quantitative structure–activity relationship (QSAR) modeling, molecular docking,
and physiologically based pharmacokinetic (PBPK) simulation enable early prioritization of
candidate compounds, forecasting of potential enzyme- or receptor-mediated interactions,
and prediction of bioactive metabolite profiles, prior to costly experimental or clinical eval-
uation. Yet, their application in the nutraceutical domain presents unique challenges. Food
matrices are chemically complex, bioactive data remain sparse and unevenly curated, and
long-term, low-dose effects are difficult to capture with existing computational frameworks.
These limitations constrain predictive accuracy and raise questions about general applica-
bility across diverse classes of compounds. Therefore, this review critically examines both
the opportunities and limitations of computational safety assessment for nutraceuticals. It
synthesizes representative case studies, evaluates current methodological limitations, and
discusses the evolving regulatory landscape alongside emerging integrative frameworks
such as New Approach Methodologies (NAMs) that may guide the future of nutraceutical
safety assessment.

Keywords: nutraceuticals; computational toxicology; in silico ADMET prediction; QSAR
modeling; molecular docking; PBPK modeling; safety assessment; New Approach
Methodologies (NAMs)

1. Introduction
The intersection of nutrition and preventive medicine has given rise to a rapidly

expanding nutraceutical industry [1]. Defined as food-derived products that provide
purported physiological benefits beyond basic nutrition, nutraceuticals, including di-
etary supplements, functional foods, and herbal extracts, are increasingly consumed
worldwide for the enhancement of health and wellness [2]. According to a recent market
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analysis by Fortune Business Insights, the global nutraceutical market was valued at ap-
proximately USD 500 billion in 2025 and is projected to surpass USD 1.12 trillion by 2034,
growing at a compound annual growth rate (CAGR) of 10.58% [3]. This unprecedented
growth has outpaced the capacity of existing safety evaluation frameworks, exposing a
critical gap between product innovation and rigorous safety assessment. The establish-
ment of robust and predictive safety assessment strategies remains a critical bottleneck.
This challenge arises not only from the chemical diversity and multi-component nature
of nutraceutical products, but also from the limited scalability of conventional toxicity
testing approaches.

Moreover, the regulatory landscape further exacerbates this challenge. Unlike pharma-
ceutical products, which generally require rigorous premarket evaluation, nutraceuticals
are regulated under comparatively flexible frameworks in many jurisdictions [4]. For
example, in the United States, the Dietary Supplement Health and Education Act (DSHEA)
places the responsibility for ensuring safety on manufacturers, often without mandatory
pre-market approval [5]. Consequently, this regulatory structure, combined with limited
standardized safety data, increases the burden of safety evaluation in the context of rapidly
expanding product diversity.

This increasing evaluation burden cannot be effectively addressed by conventional
toxicological approaches, particularly given the broad chemical space of food-derived
bioactives. Beyond their methodological limitations, animal-based assays also raise ethical
concerns, and increasing efforts are being made to reduce or replace their use in accordance
with the 3Rs principle (Replacement, Reduction, and Refinement) and recent regulatory
initiatives promoting New Approach Methodologies (NAMs) [6]. Consequently, these
limitations highlight a structural mismatch between current safety assessment frameworks
and the scale of nutraceutical innovation, necessitating scalable and biologically relevant
strategies for early risk identification.

To address these limitations, computational toxicology has emerged as a promising
approach. The integration of in silico models for predicting Absorption, Distribution,
Metabolism, Excretion, and Toxicity (ADMET) offers a scalable strategy for early-stage
safety evaluation [7]. By leveraging methods such as Quantitative Structure-Activity
Relationship (QSAR) modeling, molecular docking, and pharmacokinetic simulation, re-
searchers can now efficiently screen large chemical libraries in silico. This allows for the
prediction of potential hepatotoxicity, cardiotoxicity, carcinogenicity, and drug-interaction
risks before a single laboratory experiment is conducted [8]. However, despite these ad-
vances, significant challenges remain, particularly in accurately capturing the complexity
of food matrices, chronic exposure scenarios, and multi-component interactions character-
istic of nutraceuticals. This review critically examines the extent to which computational
toxicology can bridge the gap between rapid nutraceutical innovation and reliable safety
assessment. We first survey the current landscape of in silico ADMET prediction meth-
ods and evaluate their strengths in nutraceutical safety evaluation. We then critically
analyze the unique challenges posed by food-derived bioactives—including matrix ef-
fects, data scarcity, and chemical complexity—before discussing regulatory perspectives,
standardization imperatives, and integrated hybrid approaches as part of the emerging
NAMs framework.

For this narrative review, relevant literature was identified through searches of
PubMed, Web of Science, and Scopus for publications available up to July 2026. Google
Scholar was used to supplement the database searches, and the reference lists of rele-
vant primary studies and review articles were manually examined to identify additional
publications. Search terms were used in various combinations and included “nutraceu-
tical,” “food bioactive,” “dietary supplement,” “natural product,” “computational tox-
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icology,” “in silico,” “QSAR,” “read-across,” “molecular docking,” “ADMET,” “PBPK,”
“machine learning,” “artificial intelligence,” “new approach methodologies,” “toxicity,” and
“safety assessment.”

Peer-reviewed articles published in English were considered when they described the
development, validation, or application of computational methods relevant to the safety,
toxicity, ADMET properties, metabolism, exposure, or biological interactions of nutraceu-
ticals, food-derived bioactives, dietary ingredients, or related natural products. Studies
addressing therapeutic efficacy alone, without relevant safety, toxicological, ADMET, or
methodological information, were excluded. Duplicate records, conference abstracts, and
publications lacking sufficient methodological information were also excluded. Official
documents issued by the FDA, EFSA, and OECD were separately examined to support
the discussion of regulatory frameworks and the regulatory acceptance of computational
approaches. As this study was intended to provide a critical narrative synthesis rather
than a systematic review or meta-analysis, formal risk-of-bias assessment and quantitative
evidence synthesis were not undertaken.

2. Computational Approaches in Nutraceutical Safety Assessment
Recent progress in computational toxicology has positioned in silico approaches—such

as Quantitative Structure-Activity Relationship (QSAR) modeling, read-across, molecu-
lar docking, and Physiologically Based Pharmacokinetic (PBPK) modeling—as essential
components for predicting ADMET profiles. QSAR, in particular, establishes quantita-
tive relationships between chemical structure and biological activity, thereby reducing
dependence on traditional, resource-intensive experimental testing [9].

Complementary to QSAR, the read-across method extrapolates data from well-
characterized chemicals to structurally or functionally similar but less-studied substances.
By leveraging chemical similarity, this approach addresses data gaps while maintaining
regulatory relevance and reducing dependence on animal testing [10]. Molecular docking
offers a more mechanistic perspective by simulating interactions between small molecules
and biological macromolecules, such as proteins or enzymes [11]. Through the prediction
of binding affinity and interaction modes, docking allows the identification of potential tox-
icological pathways and bioactive mechanisms, offering early mechanistic insights relevant
to toxicity prediction.

Beyond individual methodologies, computational approaches are increasingly
integrated with experimental workflows in natural product research, where phyto-
chemical characterization, molecular docking, and in vitro validation are combined
to support compound prioritization and hypothesis generation [12–17]. A further ad-
vancement is the coupling of molecular docking with ultra-large-scale virtual screening,
which enables the rapid in silico evaluation of extensive chemical libraries—including
natural product databases and dietary compound collections—to prioritize candidates
with favorable ADMET profiles [16]. When combined with machine learning–enhanced
scoring and applicability domain analysis, these approaches extend predictive capa-
bilities across vast chemical spaces and support the identification of compounds for
downstream validation [18]. Such strategies are particularly relevant to nutraceuti-
cal research, where chemical diversity and combinatorial complexity pose significant
challenges for conventional testing.

At the systems level, PBPK modeling extends earlier structure- and mechanism-
based approaches, such as QSAR modeling and molecular docking, by constructing
mathematical representations of biological systems to simulate ADMET processes across
tissues and organs [19]. By integrating physiological parameters with compound-specific
properties, PBPK models provide dynamic insights into internal exposure, dose–response
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relationships, and interindividual variability. Although widely applied in pharmaceu-
tical and environmental research, the use of PBPK modeling in nutraceuticals remains
constrained by the limited availability of compound- and species-specific parameters.
Nevertheless, PBPK modeling represents a critical step toward bridging molecular-
level predictions with organism-level responses [19,20]. The fundamental principles,
predictive outputs, strengths, limitations, and typical safety applications of these com-
putational approaches are comparatively summarized in Table 1. Representative studies
demonstrating their practical roles in the safety evaluation of food-derived bioactives
are presented in Table 2.

Table 1. Comparative characteristics of computational approaches used in nutraceutical safety
assessment.

Computational
Approach

Principle and
Output Strengths Limitations Typical Safety

Applications

QSAR modeling
[7,9,21]

Predicts a defined
toxicity endpoint
from molecular
descriptors and
structural features.

Rapid screening of
large chemical
libraries; identifies
structural alerts.

Limited by
training-data quality
and applicability
domain; poorly
captures mixtures
and matrix effects.

Mutagenicity,
carcinogenicity,
hepatotoxicity,
cardiotoxicity, and
endocrine activity.

Read-across [10]

Infers the toxicity of
a data-poor
compound from
structurally or
mechanistically
similar compounds.

Fills data gaps and
reduces experimental
testing.

Strongly depends on
the validity of analog
selection; less
suitable for complex
or poorly
characterized
mixtures.

Mutagenicity,
carcinogenicity,
hepatotoxicity,
cardiotoxicity, and
endocrine activity.

Molecular docking
[11,12,21]

Predicts binding
poses and relative
affinity between
compounds and
toxicity-related
molecular targets.

Provides rapid
mechanistic
hypotheses and
identifies potential
target interactions.

Docking scores do
not confirm toxicity
and generally
exclude exposure,
metabolism, and
matrix effects.

Mutagenicity,
carcinogenicity,
hepatotoxicity,
cardiotoxicity, and
endocrine activity.

In silico ADMET
prediction [7,13,15]

Estimates multiple
physicochemical,
pharmacokinetic,
and toxicity
properties using
structure- or
data-driven models.

Enables rapid
multiparameter
screening and early
identification of
safety liabilities.

Predictions may
differ across
platforms and
perform poorly for
novel structures,
metabolites, and
mixtures.

Absorption,
distribution,
CYP-mediated
metabolism,
clearance,
bioavailability, and
organ-specific
toxicity.

PBPK modeling
[19,20]

Simulates
concentration–time
profiles by
integrating
compound-specific
and physiological
parameters.

Links intake to
internal exposure
and supports dose
and population
extrapolation.

Requires extensive
kinetic data; difficult
to parameterize food
matrices,
microbiome effects,
and complex
mixtures.

Tissue exposure,
repeated intake,
dose–response
relationships,
population
variability, and
constituent
interactions.
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Table 2. Representative applications and practical contributions of computational approaches in the
safety assessment of food-derived bioactives.

Target Compounds and
Materials

Safety Endpoint or
Concern

Computational
Approach

Specific Role and
Practical Contribution

Natural Products:
Bioactive natural
compounds [21]

General toxicity
prediction

ML-based prediction
and model validation

Established a methodological
framework for in silico toxicity
modeling of natural scaffolds.

Botanical Constituents: 103
botanical compounds [22]

Absorption and
systemic exposure

QSAR and PBPK
modeling

Integrated PK profiling with safety
assessment; predicted absorption
and exposure levels.

Dietary Chemicals: 101
naturally occurring
compounds [23]

Rodent carcinogenicity

Molecular Design
Limited (MDL)-QSAR
and Predictive
Discriminant Analysis
(PDA)

Predicted rodent carcinogenicity of
dietary chemicals for hazard
screening and prioritization.

Phytochemicals: 43 diverse
phytochemicals [24]

Predictive performance
for phytochemical
toxicity

Hybrid deep
learning–based QSAR
(DL-QSAR) models

Demonstrated enhanced
predictivity and optimized QSAR
performance using deep learning.

Food Additives: 42
antioxidant additives [25]

Carcinogenicity of
additives and
metabolites

QSAR-based software
Provided an in silico triage for
carcinogenicity prediction and
rapid toxicity assessment.

Food-Contact Substances:
Diverse contact materials
[26]

Toxicity and metabolic
liabilities

QSAR tools and
metabolism models

Conducted a regulatory-level
overview of QSAR programs for
substances used in food-contact
materials.

Packaging Migrants: 136
chemical substances [27] Genotoxicity Read-across and in

silico models

Enabled high-throughput
genotoxicity screening and safety
evaluation of packaging-related
migrants.

Nutritional Ingredients:
Pharmaceuticals &
nutrients [28]

Predictive reliability
and data quality

Multi-modal in silico
models

Advanced computational
toxicology models while
addressing critical data quality and
development issues.

Metabolites: Food
chemicals and degradation
products [29]

Metabolite toxicity and
TTC (Threshold of
Toxicological
Concern)-based risk

QSAR and ADMET
models

Facilitated metabolic risk
assessment and toxicity evaluation
using the TTC.

General Food Ingredients:
Broad spectrum of
additives [30]

Internal exposure and
regulatory safety

Toxicokinetic
modeling and
bioinformatics

Reduced uncertainty in regulatory
safety reviews through integrated
bioinformatics and modeling.

Six herb-derived bioactive
compounds: calycosin,
xanthatin, biochanin A,
piperine, atractyloside, and
tenuifolin [31]

Drug-induced liver
injury and
hepatotoxicity

Interpretable
machine-learning
model and in vitro
validation

Predicted the hepatotoxic potential
of herb-derived compounds and
evaluated the predictions using
HepG2 cytotoxicity, mitochondrial,
morphological, and transcriptomic
assays

Pyrrolizidine alkaloids in
three Chinese herbs [32]

Mutagenicity and
exposure-related safety

Molecular
networking, QSIIR
modeling, and T.E.S.T.
toxicity prediction

Annotated and semi-quantified
pyrrolizidine alkaloids without
reference standards and predicted
their mutagenicity to prioritize
compounds for risk assessment.
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Collectively, these computational methodologies enable multi-scale safety assessment
spanning molecular structure, mechanistic interaction, and system-level exposure. By com-
plementing experimental approaches, they help reconcile the expanding chemical diversity
of nutraceuticals with the limited throughput of conventional toxicity testing. However,
beyond their methodological diversity, these approaches also offer distinct practical and
mechanistic advantages for nutraceutical safety evaluation, particularly in early-stage
prioritization, mechanistic interpretation, and predictive metabolism assessment.

3. Strengths of Computational Approaches in Nutraceutical
Safety Prediction

Computational models provide a scalable and efficient framework for evaluating
food-derived bioactives, particularly in the context of increasing chemical complexity
and limited experimental throughput. Building on the multi-scale approaches described
above, they offer several key advantages for safety assessment across different stages of
evaluation and risk characterization. These strengths, summarized in Figure 1, include
early-stage triage, mechanistic insight, metabolite prediction, and reduced reliance on
animal testing.

Figure 1. Schematic overview of the strengths and challenges of computational models in nu-
traceutical safety prediction, illustrating their complementary roles and the need for integrated
evaluation frameworks.

3.1. Early-Stage Triage and Virtual Screening

As an early-stage triage system, computational approaches enable the rapid filtering
of large chemical libraries to prioritize compounds for subsequent experimental valida-
tion [33,34]. When integrated with QSAR modeling and machine learning algorithms,
these approaches enhance predictive accuracy and support efficient resource allocation by
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identifying compounds with favorable ADMET-related properties [35]. Pharmacophore
modeling further contributes by identifying key three-dimensional structural features re-
quired for interactions with biological targets, while molecular docking provides structural
insights into binding interactions and predicted affinity between food-derived compounds
and their targets [36].

Rather than serving as definitive predictors, these methods function as prioritization
tools that guide downstream experimental validation, ensuring that limited resources
are focused on compounds with higher likelihood of biological relevance and acceptable
safety profiles. In this way, computational triage supports a more efficient and targeted
safety evaluation framework, reducing time and cost while improving decision-making
processes. Although such approaches have been extensively validated in pharmaceutical
research [37], their application in nutraceutical science is rapidly expanding, particularly
for large-scale screening of food-derived bioactives. Consequently, computational triage
serves as a foundational step that enables subsequent mechanistic and metabolic analyses,
as discussed in the following sections.

3.2. Mechanistic Interpretation of Bioactivity and Toxicity

Computational tools provide mechanistic insights into how food-derived bioac-
tives interact with biological systems, particularly in the context of safety evaluation.
Molecular docking can predict interactions between bioactive compounds and biological
targets, including metabolic enzymes (e.g., cytochrome P450s) or cardiac ion channels
(e.g., hERG), thereby enabling early identification of potential food–drug interaction
risks or cardiotoxicity [38,39]. These predictions help characterize how specific struc-
tural features contribute to adverse biological responses, supporting the identification of
potential toxicity pathways.

Complementary to docking, QSAR modeling correlates molecular descriptors—such
as lipophilicity, electronic properties, and hydrogen-bonding capacity—with biological
outcomes, enabling the identification of structural motifs associated with toxicity. Together,
these approaches improve the ability to rationalize toxicity risks based on chemical structure
and predicted molecular interactions. However, because many food-derived bioactives
exert pleiotropic and context-dependent effects, single-target prediction alone is often
insufficient to fully explain their biological activity.

Beyond single-target prediction, computational approaches increasingly support
pathway- and network-level interpretation of biological responses. Because many food-
derived bioactives interact with multiple molecular targets, network-based analyses are
particularly useful for understanding their broader biological consequences. Approaches
such as network pharmacology and pathway enrichment analysis enable identification
of interconnected signaling pathways associated with oxidative stress, inflammation,
metabolism, and xenobiotic responses. These methods provide broader mechanistic
context by revealing how structurally diverse compounds may converge on shared
biological processes [40–42].

Integration with omics datasets further expands mechanistic interpretation by en-
abling systems-level analysis of cellular responses to bioactive exposure. Transcriptomics,
proteomics, and metabolomics can be computationally integrated to identify differen-
tially regulated pathways, biomarker candidates, and adaptive stress responses associated
with both beneficial and adverse effects. Such approaches are particularly relevant in
nutraceutical safety assessment because biological responses often vary depending on dose,
exposure duration, physiological status, and interactions with other dietary components.
Consequently, omics-guided computational modeling contributes to a more comprehensive
understanding of context-dependent bioactivity and toxicity. In this context, the Adverse
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Outcome Pathway (AOP) framework provides a structured conceptual model linking
molecular initiating events to apical toxicity outcomes, offering a valuable scaffold for
organizing mechanistic predictions from in silico tools.

3.3. Predictive Metabolism of Complex Bioactives

Machine learning–based and evidence-driven tools such as MetaPrint2D, SMART-
Cyp, BioTransformer, and MetaPredictor enable prediction of metabolic sites and likely
metabolite structures by analyzing known xenobiotic transformation patterns [43,44]. These
approaches are particularly valuable for food-derived bioactives, whose biological activity
and safety profiles are often strongly influenced by metabolic conversion rather than by
the parent compound itself. For example, computational models have accurately predicted
glucuronidation and sulfation pathways of resveratrol, providing mechanistic explanations
for its rapid clearance and limited bioavailability [45].

Cytochrome P450-mediated metabolism is central to biotransformation prediction, and
computational metabolism models can identify pathways leading to the formation of stable
or reactive intermediates [46]. Such predictions are important because metabolic conversion
may either detoxify compounds or generate metabolites with altered biological potency and
toxicity. A representative example is glycyrrhizin, which is hydrolyzed into glycyrrhetinic
acid, a metabolite associated with enhanced biological activity but also increased risk of
pseudoaldosteronism under excessive exposure conditions [47]. These mechanistic insights
are therefore valuable for distinguishing adaptive metabolic processing from pathways
that may contribute to adverse biological effects.

Beyond metabolite formation itself, physiologically based biotransformation and
pharmacokinetic models further connect metabolite generation to tissue distribution and
interindividual variability. Such approaches can simulate how differences in metabolic
enzymes influence systemic exposure and dose-dependent responses, as demonstrated
in CYP1A2-mediated caffeine metabolism [48,49]. By incorporating enzyme polymor-
phisms, tissue-specific metabolism, and exposure variability, these models provide a
more comprehensive understanding of population-specific safety risks associated with
nutraceutical compounds.

Recent advances increasingly integrate metabolite prediction with systems toxi-
cology and experimental metabolomics workflows. Computational analyses can help
map metabolite interactions with cellular signaling pathways, thereby improving inter-
pretation of both beneficial and adverse biological effects. For example, curcumin has
been associated with activation of Nrf2-mediated antioxidant responses [50], whereas
certain isothiocyanates may generate reactive intermediates with potential cytotoxic
effects [51]. In parallel, integration with molecular networking approaches enables pre-
dicted biotransformation products to be mapped onto experimental MS/MS datasets
as clustered metabolite nodes [52,53]. This network-based context improves metabolite
annotation, facilitates discrimination of true metabolites from background signals,
and supports identification of microbiome-mediated or secondary biotransformation
pathways. Collectively, these integrated strategies improve validation of in silico
ADMET predictions while supporting more efficient prioritization for downstream
experimental investigation [54,55].

3.4. Contribution to Animal Testing Reduction and 3Rs Strategies

An additional advantage of computational modeling lies in its potential to reduce
reliance on animal testing. By predicting bioactivity profiles, off-target interactions, and
metabolic toxicity in silico, computational approaches enable prioritization of the most
relevant compounds for downstream experimental validation. This strategy aligns with the
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global 3Rs framework—Replacement, Reduction, and Refinement [54,55]—contributing
most directly to Replacement and Reduction objectives by minimizing the number of
animals required for screening-stage evaluation while supporting more ethical and resource-
efficient research practices.

This relevance is particularly pronounced in nutraceutical research, where large
numbers of structurally diverse compounds require safety evaluation. In this context,
computational screening can enhance experimental efficiency by prioritizing candidate
compounds for in vivo testing, thereby reducing redundant animal-based studies. These
approaches are increasingly recognized as important components of NAMs and inte-
grated safety assessment frameworks [56]. Nevertheless, despite these advantages, the
predictive performance of current computational models remains constrained by the
unique chemical complexity, compositional variability, and multi-component nature
of nutraceutical products. These challenges continue to limit the generalizability and
translational reliability of in silico predictions, highlighting the need for more robust
and standardized evaluation strategies.

4. Current Challenges and Unique Complexities of Nutraceuticals
Despite the substantial progress and advantages of computational approaches in

nutraceutical safety assessment, several inherent challenges continue to constrain their
predictive reliability and translational applicability. Unlike pharmaceutical compounds,
nutraceuticals are typically consumed as chemically complex mixtures within dynamic
dietary environments, where bioactivity and toxicity are shaped by multiple intersecting
factors, including food matrix effects, formulation conditions, chronic low-dose exposure,
interindividual metabolic variability, and compositional heterogeneity across batches and
sources. These characteristics pose fundamental challenges for computational frameworks
originally developed for well-characterized, single-compound systems. The following
subsections critically examine these unique complexities and their implications for current
in silico predictive performance.

4.1. The Matrix Effect and Experimental Heterogeneity

One of the most significant limitations of current computational approaches is the
so-called matrix effect, in which bioactive compounds behave differently when con-
sumed as components of whole foods rather than as isolated molecules [45,57]. For
example, curcumin evaluated in silico as a purified compound may not accurately re-
flect its pharmacokinetics or biological activity when consumed as part of turmeric.
In particular, co-administration with piperine from black pepper markedly enhances
curcumin bioavailability, while dietary lipids further facilitate its intestinal absorp-
tion [58]. Similarly, formulation differences, extraction solvents, assay conditions, and
compound stability can markedly influence experimentally measured bioactivity and
toxicity profiles.

Current computational models have limited capacity to capture the complex interac-
tions among food matrices, digestion processes, nutrient–nutrient interactions, microbiome-
mediated metabolism, and formulation-dependent bioavailability. Consequently, experi-
mental variability frequently propagates computational uncertainty, reducing reproducibil-
ity and limiting translational reliability of in silico predictions. Table 3 summarizes rep-
resentative examples of how experimental heterogeneity contributes to computational
limitations in nutraceutical research.
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Table 3. Representative examples of experimental variability and associated computational limitations
in selected food-derived bioactives.

Compound Experimental Variability Computational Limitations

Curcumin [59] Different solvents, absorption enhancers,
formulation differences

Compound-level QSAR and ADMET models may
not capture formulation-dependent changes in

absorption and bioavailability

Resveratrol [60] Wide concentration range (nM–µM);
varied formulation types

Formulation-dependent metabolism contributes to
inconsistent bioavailability predictions

Quercetin [61,62] Solvent variability; varying compound
forms (glycosides vs. aglycones)

QSAR/docking variability; inconsistent predictions
for enzyme inhibition

EGCG [63,64] Differences in media, oxygen levels, and
assay duration

Experimental variability may reduce reliability of
hepatotoxicity prediction models

4.2. Data Scarcity, Standardization, and Quality Assurance

Another major challenge in the computational assessment of nutraceuticals is
the limited availability and inconsistent quality of experimental data [65]. Accurate
QSAR, machine-learning, and related predictive models require large, standardized,
and well-curated datasets. Although pharmaceutical compounds benefit from extensive
repositories, food-derived bioactives remain underrepresented in general chemical and
toxicological databases [21,65].

Publicly available databases nevertheless provide complementary resources for com-
putational nutraceutical safety assessment. PubChem contains chemical structures, physic-
ochemical properties, bioassay results, and safety-related information, whereas ChEMBL
provides curated compound–target and bioactivity data useful for QSAR development and
mechanism-based prediction [66,67]. The EPA CompTox Chemicals Dashboard, including
ToxCast data, provides in vitro bioassay, exposure, and toxicity information for high-
throughput hazard screening [68]. Among food- and natural product-focused resources,
FooDB links chemical constituents to dietary sources and reported food concentrations [69],
Phenol-Explorer provides information on dietary polyphenols and their metabolites [70],
and NPASS integrates natural product structures, quantitative biological activities, and
source-species information [71].

However, no single database comprehensively integrates food occurrence, human
exposure, metabolism, and chronic toxicity data. General chemical and toxicological
databases provide more extensive bioactivity and toxicity information but underrepre-
sent nutraceutical-specific chemical space. Conversely, food- and natural product-focused
databases improve the characterization of dietary occurrence and biological activity but
contain relatively few standardized toxicity endpoints [66,68–71]. Cross-database inte-
gration is further complicated by inconsistent compound identifiers, duplicated records,
variable assay conditions, and incomplete annotation of metabolites and complex mixtures.
Consequently, extensive data curation, provenance tracking, and harmonization are re-
quired before these resources can be reliably used to develop or validate computational
models for nutraceutical safety prediction [65].

Beyond data availability, the lack of standardized experimental protocols considerably
constrains data comparability and model generalizability. Variability in compound purity,
formulation state, dose metrics, exposure duration, and assay conditions can generate
inconsistent biological outcomes even for the same bioactive compound [59]. These in-
consistencies complicate model training and reduce confidence in cross-study predictions.
Addressing these limitations requires the systematic generation, harmonization, and open
sharing of experimental datasets aligned with FAIR (Findable, Accessible, Interoperable,
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and Reusable) principles and encompassing the absorption, metabolism, bioactivity, and
toxicity of nutraceutical compounds [72].

4.3. Complexity of Multi-Constituent Formulations

Nutraceutical formulations frequently contain multiple bioactive constituents whose
combined effects may be additive, synergistic, or antagonistic. Conventional QSAR and
single-compound ADMET models generally evaluate individual constituents indepen-
dently and therefore cannot directly capture interactions within complex formulations.
Current computational strategies attempt to address this complexity through network phar-
macology, multi-target molecular docking, and mixture PBPK modeling, while machine-
learning approaches developed for compound-combination prediction may provide addi-
tional opportunities for identifying potential interactions [73–75]. These approaches can
identify shared molecular targets, potential pharmacodynamic interactions, and pharma-
cokinetic interactions involving absorption, metabolism, transporters, or enzyme inhibition.

Nevertheless, reliable formulation-level prediction remains challenging. Network and
docking analyses generally identify potential interactions but cannot determine whether
these interactions will produce synergistic or antagonistic effects at realistic exposure levels.
Machine-learning models are limited by the scarcity of experimentally validated combina-
tion data, while the application of PBPK modeling to complex botanical formulations is
constrained by incomplete characterization of constituent-specific kinetics and interaction
mechanisms [74,76]. Furthermore, the composition of botanical products may vary with
plant genetics, cultivation conditions, extraction and processing methods, formulation,
and storage conditions [77,78]. Consequently, current computational models are most
useful for interaction screening and hypothesis generation, whereas formulation-level
safety conclusions still require chemical characterization and experimental validation of the
complete mixture.

4.4. Complexity of Dose–Response Relationships in Chronic Exposure

In addition to formulation-level interactions, nutraceuticals present additional chal-
lenges because they are typically consumed over extended periods and at considerably
lower doses than those used in conventional toxicological studies, which traditionally
emphasize acute or high-dose exposures [79,80]. Current computational models remain
limited in their ability to simulate the chronic, adaptive, and often biphasic (hormetic)
biological responses characteristic of dietary exposure, in which compounds may exert
beneficial effects at low concentrations but adverse effects at higher doses [81]. As a result,
predictions derived from short-term or reductionist models may not accurately reflect long-
term physiological outcomes. Although physiologically based pharmacokinetic (PBPK)
models can in principle simulate chronic exposure scenarios, their application to nutraceu-
ticals remains constrained by the scarcity of compound-specific parameters and limited
integration of dietary and microbiome variables.

Furthermore, biological responses to nutraceuticals are strongly influenced by in-
terindividual variability, including differences in age, sex, metabolic capacity, gut micro-
biome composition, habitual dietary patterns, and underlying physiological or disease
status [82,83]. These dynamic and context-dependent factors complicate prediction of
cumulative exposure effects and reduce the translational reliability of in silico findings
across populations.

A further limitation is that many QSAR and machine-learning toxicity models are
trained predominantly on acute or subchronic endpoints and use static molecular descrip-
tors that do not capture time-dependent biological adaptation. Consequently, these models
have limited ability to predict cumulative metabolite formation, tissue accumulation, de-
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layed toxicity, time-dependent enzyme induction or inhibition, and progressive changes
in organ function during repeated exposure [84]. However, exposure prediction alone
does not establish chronic toxicity unless a PBPK model is linked to pharmacodynamic,
toxicodynamic, or adverse outcome pathway information. Such integrated models remain
uncommon for nutraceutical compounds because longitudinal toxicokinetic, biomonitoring,
and chronic dose–response data are scarce.

Low-dose assessment is additionally complicated by background dietary exposure,
non-monotonic dose–response relationships, long latency periods, and simultaneous expo-
sure to multiple dietary constituents. Small biological effects occurring within the range
of normal physiological variation may also be difficult to distinguish from adaptive or
beneficial responses. Therefore, current computational approaches are more reliable for
identifying potential hazards and prioritizing compounds than for independently estab-
lishing the long-term safety of nutraceutical use. Chronic safety conclusions still require
repeated-exposure studies, human biomonitoring data, and integration of computational
predictions with experimental and epidemiological evidence [85].

4.5. Chemical Diversity and Applicability Domain Limitations

The extensive structural and physicochemical diversity of nutraceutical compounds—including
phenolic acids, flavonoids, carotenoids, alkaloids, polysaccharides, terpenoids, and bioac-
tive peptides—poses a fundamental challenge for computational modeling [65]. Many
predictive frameworks, including QSAR and machine learning models, are developed
using chemically restricted training datasets and therefore perform optimally only within
specific applicability domains. Consequently, models trained on one compound class may
fail when extrapolated to structurally distinct nutraceutical molecules, thereby limiting
predictive generalizability across diverse chemical spaces [66]. Therefore, transparent
definition of applicability domains and external validation using structurally diverse nu-
traceutical compounds are essential for determining the reliability and generalizability of
computational predictions.

5. Regulatory Perspectives on Computational Toxicology in
Nutraceutical Safety

The regulatory landscape for nutraceuticals differs substantially from that of conven-
tional pharmaceuticals, creating unique challenges for safety evaluation and regulatory
oversight [86]. In the United States, “nutraceutical” is not a formally defined regulatory
category, and products marketed as dietary supplements are generally regulated under
the Dietary Supplement Health and Education Act (DSHEA). Manufacturers are primarily
responsible for ensuring product safety and accurate labeling, with regulatory oversight
occurring largely after marketing. Unlike pharmaceuticals, dietary supplements generally
do not undergo comprehensive premarket approval. However, for a New Dietary Ingredi-
ent (NDI), manufacturers must submit a premarket notification to the U.S. Food and Drug
Administration (FDA) at least 75 days before marketing, together with the basis for con-
cluding that the ingredient is reasonably expected to be safe under the proposed conditions
of use [87]. Despite this comparatively flexible framework, substantial uncertainty remains
regarding the quantity and quality of evidence necessary to support nutraceutical safety
assessments. FDA assessments indicate that many NDI notifications receive objections
or requests for additional information because of insufficient identity, exposure, or toxi-
cological evidence, or because the submitted information does not adequately establish a
reasonable expectation of safety [88].

In response to these challenges, regulatory agencies including the FDA and the Euro-
pean Food Safety Authority (EFSA) have shown increasing interest in NAMs, including
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computational toxicology, as complementary tools for safety assessment [89,90]. Compu-
tational approaches can support early hazard identification, prioritization of compounds
for downstream testing, prediction of ADMET properties, and assessment of potential off-
target interactions or metabolic liabilities [91]. Within regulatory contexts, such approaches
are increasingly recognized as valuable components of weight-of-evidence frameworks
and integrated safety assessment strategies, particularly when conventional in vivo testing
is infeasible at scale because of the large chemical diversity of nutraceutical compounds.
The U.S. FDA Modernization Act 2.0 (2022) reflects a broader regulatory shift by allowing
nonclinical tests, including in silico, in vitro, and other non-animal approaches, to be con-
sidered in drug development [92]. However, this legislation concerns nonclinical testing
requirements in drug development and does not directly apply to the safety regulation of
dietary supplements or nutraceutical formulations. Its relevance to nutraceutical safety
assessment is therefore indirect, indicating broader institutional interest in human-relevant
methods rather than providing a nutraceutical-specific regulatory pathway.

Despite this progress, broader regulatory acceptance of computational toxicology
depends heavily on model validation, transparency, and interpretability. Regulatory evalu-
ation of QSAR evidence commonly considers internationally recognized validation princi-
ples, including the OECD principles for the validation of QSAR models, which emphasize a
defined endpoint, an unambiguous algorithm, a defined applicability domain, appropriate
measures of robustness and predictivity, and, where possible, mechanistic interpreta-
tion [93,94]. Models based on poorly interpretable “black box” methodologies may face
substantial regulatory skepticism, particularly when predictive outputs cannot be mech-
anistically justified or independently reproduced. Consequently, computational models
intended for regulatory applications must demonstrate not only predictive performance
but also reliability, reproducibility, and biological interpretability.

The level of regulatory acceptance also differs among computational approaches.
QSAR and read-across currently have the most established regulatory basis among com-
putational approaches. Read-across is primarily applied to data-gap filling, whereas
QSAR can additionally support hazard screening and chemical prioritization, provided
that model validity, chemical similarity, applicability domains, and prediction uncertainty
are adequately documented [93,95]. The OECD QSAR Assessment Framework further
emphasizes that the acceptability of a model does not automatically establish the ac-
ceptability of an individual prediction; the chemical input, applicability domain, reliabil-
ity, and fitness of the prediction for its intended regulatory purpose must also be evalu-
ated [93]. EFSA has similarly developed guidance for the use of read-across in food and
feed safety assessment, supporting its application as part of a structured and transparent
weight-of-evidence approach [95].

In comparison, PBPK modeling is increasingly used to support internal-exposure
estimation, dose extrapolation, and the interpretation of potential interactions, but its regu-
latory utility depends on the availability and validation of compound-specific physiological
and kinetic parameters. Molecular docking and exploratory machine-learning models
currently have more limited direct regulatory standing because their outputs often indicate
potential molecular interactions or statistical associations rather than demonstrating ad-
verse outcomes at realistic exposure levels. Accordingly, these methods are generally more
suitable for screening, prioritization, and mechanistic support than as stand-alone evidence
of nutraceutical safety [96,97].

Importantly, the conditional acceptance of QSAR and read-across for well-defined
individual chemicals cannot be directly extrapolated to complex nutraceutical formulations.
Many existing computational frameworks were originally developed using pharmaceutical
or environmental toxicology datasets and may not adequately reflect the compositional
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complexity, chronic low-dose exposure patterns, and matrix-dependent behaviors character-
istic of nutraceutical products. Overall, regulatory acceptance of computational toxicology
in nutraceutical safety assessment remains conditional and context-dependent rather than
universal. QSAR and read-across currently provide the most established regulatory support
for well-characterized individual constituents, whereas PBPK modeling, molecular dock-
ing, and machine-learning approaches generally serve complementary roles in exposure
assessment, mechanistic interpretation, and compound prioritization. Wider acceptance for
complex nutraceutical formulations will require nutraceutical-specific validation datasets,
transparent reporting of applicability domains and uncertainty, independent model evalua-
tion, and integration with analytical characterization, experimental toxicology, exposure
information, and human evidence.

6. The Imperative for Standardization and Data Harmonization
Building on these regulatory considerations, despite rapid advances in computational

toxicology and nutraceutical informatics, the predictive performance of current models
remains fundamentally dependent on the quality, consistency, and interoperability of
underlying experimental data. Current nutraceutical safety assessments often rely on
heterogeneous combinations of computational predictions, in vitro assays, and indepen-
dently generated experimental datasets. However, considerable variability in compound
preparation, extraction methods, formulation conditions, dosing strategies, exposure dura-
tions, analytical platforms, and endpoint selection continues to limit reproducibility and
cross-study comparability [98]. As a result, computational models trained on fragmented
and heterogeneous datasets frequently produce predictions with limited robustness and
translational reliability, thereby constraining their utility for regulatory evaluation and
evidence-based product development [99].

Addressing these limitations requires coordinated efforts toward experimental stan-
dardization and data harmonization. Implementation of standardized protocols for bioac-
tive extraction, characterization, exposure assessment, and toxicity testing would markedly
improve reproducibility across laboratories and experimental systems. Equally important
is the development of centralized, well-curated, and interoperable databases containing
standardized information on absorption, metabolism, bioactivity, toxicity, and physic-
ochemical properties of food-derived compounds. Beyond simple data accumulation,
harmonization of metadata annotation, assay descriptions, exposure metrics, and reporting
formats—aligned with established FAIR (Findable, Accessible, Interoperable, Reusable)
data principles—is essential to improve dataset comparability and computational usability.

Comparable efforts in pharmaceutical and chemical toxicology research have already
demonstrated the value of standardized and openly accessible resources such as Pub-
Chem and ChEMBL for improving QSAR development, ADMET prediction, model repro-
ducibility, and regulatory acceptance [100]. Similar infrastructure tailored to nutraceutical
compounds would provide a stronger foundation for computational toxicology frame-
works capable of accommodating the compositional complexity and exposure variability
characteristic of food-derived bioactives.

Importantly, standardized and harmonized datasets are not only beneficial for im-
proving individual predictive models but are also essential for enabling integration across
multiple computational and experimental platforms. Future advances in nutraceutical
safety assessment will increasingly depend on hybrid frameworks that combine QSAR,
molecular docking, PBPK modeling, systems toxicology, metabolomics, machine learning,
and experimental validation within unified analytical pipelines. Consequently, establish-
ment of standardized and interoperable data ecosystems represents a critical prerequisite

https://doi.org/10.3390/nutraceuticals6030052

https://doi.org/10.3390/nutraceuticals6030052


Nutraceuticals 2026, 6, 52 15 of 22

for developing more reliable, scalable, and regulatory-relevant computational approaches
in nutraceutical safety science.

7. Bridging the Gap: Hybrid and Integrated Approaches for
Nutraceutical Safety

Building on these standardization efforts, safety assessment of nutraceuticals is increas-
ingly transitioning from reliance on isolated experimental models toward integrated frame-
works that combine computational prediction with targeted biological validation [101].
Although traditional animal studies and in vitro assays remain important components of
toxicological evaluation, they are often resource-intensive, time-consuming, and limited in
their ability to comprehensively address the chemical diversity and exposure complexity
characteristic of food-derived bioactives. At the same time, purely computational ap-
proaches remain constrained by challenges related to model interpretability, predictive
reliability, and translation to physiologically relevant dietary conditions. A conceptual
overview of the integrated hybrid framework, including its iterative feedback structure, is
illustrated in Figure 2.

Figure 2. Integrated NAMs-based framework for nutraceutical safety assessment. The workflow
comprises five sequential stages—input characterization, computational prediction, experimental
validation, integrated weight-of-evidence evaluation, and regulatory application—supported by an
iterative learning loop for continuous model refinement and data expansion. Solid arrows indicate
the sequential workflow between stages, whereas dashed arrows represent iterative feedback for
continuous model refinement. Different colored panels distinguish the major functional stages of the
proposed framework.
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Accordingly, an integrated weight-of-evidence strategy combining computational
predictions with targeted experimental validation provides a pragmatic framework for
nutraceutical safety assessment [90,101]. These frameworks integrate computational toxi-
cology tools—including QSAR modeling, molecular docking, PBPK simulation, machine
learning, and systems toxicology—with targeted experimental validation. Within such
workflows, computational approaches can rapidly screen large chemical libraries, identify
structural features associated with potential toxicity, predict metabolic liabilities, and prior-
itize candidates for downstream investigation [98,102]. Complementary high-throughput
experimental systems, including cell-based assays evaluating cytotoxicity, oxidative stress,
inflammatory signaling, and receptor-mediated responses, can then provide biological
validation for computational predictions.

Importantly, integrated frameworks offer advantages that extend beyond simple
efficiency gains. By combining computational, biochemical, cellular, and metabolomic evi-
dence, hybrid approaches enable construction of more comprehensive and mechanistically
informed safety profiles. These strategies also reduce dependence on animal studies while
supporting iterative refinement of predictive models through continuous feedback between
experimental observations and computational analysis. As emerging technologies continue
to evolve, hybrid frameworks are increasingly incorporating advanced methodologies such
as organ-on-chip systems, high-content imaging, multi-omics integration, AI-driven pre-
dictive modeling, and systems biology–based pathway analysis to improve physiological
relevance and predictive performance [98,101,102].

Despite their considerable promise, successful implementation of integrated safety
assessment frameworks requires rigorous validation, transparent reporting standards, and
careful alignment with human physiological conditions. Continuous benchmarking against
high-quality experimental datasets, together with standardized assay design and interoper-
able data infrastructures, remains essential for improving model robustness and regulatory
confidence. Progress in this area will therefore depend heavily on interdisciplinary col-
laboration among computational scientists, toxicologists, nutrition researchers, regulatory
agencies, and industry stakeholders.

Overall, the future of nutraceutical safety assessment will likely depend on adaptive
and iterative weight-of-evidence frameworks that integrate computational prediction with
experimental confirmation across multiple biological scales. Such integrated approaches
have the potential to improve predictive reliability, accelerate evidence-based development
of functional food ingredients, and support more efficient and scientifically robust safety
evaluation strategies within the rapidly evolving nutraceutical field.

8. Conclusions, Key Challenges, and Future Perspectives
Computational models have emerged as increasingly valuable and influential tools

in the safety assessment and development of nutraceuticals. By enabling early-stage
triage, predicting off-target interactions, anticipating metabolite toxicity, and reducing
reliance on animal testing, these approaches can significantly accelerate discovery and
improve efficiency in nutraceutical safety evaluation. However, important limitations
persist. Challenges remain, including data scarcity, chemical diversity, matrix effects,
chronic exposure, and limitations in modeling complex mixtures and compositionally
heterogeneous nutraceutical products.

Recent advances in artificial intelligence and machine learning offer opportunities
to improve the predictive accuracy of nutraceutical safety assessment. Graph neural net-
works can learn structural features directly from molecular graphs, while multitask and
transfer-learning approaches may enable models to leverage larger pharmaceutical and
toxicological datasets when nutraceutical-specific data are limited [102]. Multimodal mod-
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els integrating chemical structure, physicochemical properties, bioassay results, omics
data, exposure information, and microbiome-related variables may further improve the
prediction of multiple toxicity endpoints and constituent interactions [103]. Explainable
AI and uncertainty-quantification methods could also increase confidence in predictions
by identifying influential molecular features and indicating when predictions fall out-
side a model’s reliable applicability domain [104]. Nevertheless, advances in algorithmic
performance cannot compensate for biased, heterogeneous, or poorly annotated train-
ing data. Their successful application will therefore require nutraceutical-specific bench-
mark datasets, rigorous external validation, transparent reporting, and integration with
experimental evidence.

The future of nutraceutical safety lies in integrated, tiered testing strategies (Figure 2)
that synergistically combine in silico predictions with high-quality in vitro assays and
strategically targeted in vivo studies. Standardization of experimental protocols, creation
of curated FAIR-compliant open-access databases, and regulatory guidance for validated
computational models will be essential to fully realize this vision. In particular, hybrid
frameworks integrating computational prediction with experimental validation across
multiple biological scales—as outlined in this review—offer a promising path forward
for both regulatory acceptance and evidence-based product development. By combining
these approaches, researchers and industry can more reliably evaluate the safety of the
next generation of bioactive compounds, thereby bridging innovation in nutrition with a
continued commitment to consumer protection.
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