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A B S T R A C T

Human populations and ecosystems are continuously exposed to complex mixtures of environmental contami
nants rather than to individual chemicals in isolation. These mixtures include pesticides, metals and metalloids, 
persistent organic pollutants, endocrine-disrupting chemicals, per- and polyfluoroalkyl substances, pharmaceu
ticals, plastic-associated compounds, air pollutants, nanomaterials, and numerous poorly characterized sub
stances. Their combined effects may be additive, synergistic, or antagonistic, and are strongly influenced by dose, 
component ratio, timing, exposure sequence, and biological susceptibility. Experimental evaluation of all envi
ronmentally relevant mixtures is infeasible because the number of possible combinations increases combinato
rially. Artificial intelligence (AI) offers a possible way to address this limitation. Machine learning, deep learning, 
graph neural networks, Bayesian approaches, and natural-language processing can integrate heterogeneous data, 
including chemical structures, molecular descriptors, toxicokinetics, high-throughput screening results, omics 
profiles, adverse outcome pathways, biomonitoring data, and epidemiological findings. However, the evidence 
base is uneven. Relatively few studies have applied AI directly to experimentally characterized mixtures, and 
much of the current optimism is extrapolated from single-chemical toxicology. This review distinguishes 
explicitly between applications demonstrated in mixtures, proof-of-concept mixture applications, and approaches 
whose mixture use remains prospective. It further examines the methodological requirements for mixture pre
diction, including dose and ratio representation, additivity reference models, applicability domains, external 
validation, and mechanistic interpretability, and proposes a framework for regulatory-grade implementation. 
Current evidence does not support autonomous AI-driven regulation of mixtures. AI should complement, not 
replace, experimental and expert evaluation, supporting a transition toward more predictive, mechanism- 
informed assessment of real-world chemical exposures.

1. Introduction

1.1. Chemical mixtures as the prevailing form of real-world exposure

In recent decades, the global production, distribution, and use of 
chemicals have expanded substantially. A systematic analysis of na
tional and regional chemical inventories identified more than 350,000 
chemicals and chemical mixtures registered for production and use, 
approximately three times previous estimates (Wang et al., 2020). This 
expanding chemical landscape has increased the complexity of human 
environmental exposures and the difficulty of evaluating their potential 
health effects.

The exposome concept was introduced to encompass the totality of 
environmental exposures from conception throughout life (Siroux et al., 
2016; Wild, 2005, 2012). Modern exposome research recognizes that 
environmental determinants of disease cannot generally be reduced to 
one chemical measured at one moment (Giroux, 2025). Instead, expo
sures are dynamic, correlated, multidimensional, and biologically 
embedded through molecular changes involving gene expression, 
epigenetic regulation, proteins, metabolites, immune function, the 
microbiome, and organ physiology (Crepet et al., 2025; Vermeulen 
et al., 2020). Human biomonitoring provides direct evidence of this 
multichemical reality, and the European Human Biomonitoring Initia
tive has demonstrated both the value and the difficulty of converting 
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biomonitoring results into mixture risk assessments (Luijten et al., 
2023). Personal-exposure studies reinforce the same point: single 
ambient proxies frequently fail to represent the mixture actually 
reaching the individual (Bramer et al., 2024).

Additive effects are particularly important from a public-health 
perspective. Each component of a mixture may be present below its 
individual effect threshold or regulatory limit, while the combined 
exposure produces an appreciable biological response. Synergism, in 
which the observed joint effect exceeds a defined additive expectation, is 
claimed more often than it is rigorously demonstrated. Antagonism can 
also occur when one substance reduces the absorption, bioavailability, 
receptor binding, or downstream effects of another. Consequently, 
mixture toxicity cannot be classified reliably without explicit quantita
tive assumptions regarding the expected joint action (Backhaus and 
Faust, 2012; Cedergreen, 2014; Rider, 2022).

A recent review of mixture toxicity in human health described the 
limitations of single-substance assessment and emphasized the need to 
integrate exposomics, computational toxicology, modern risk- 
assessment strategies, One Health approach, and improved regulatory 
governance (Domingo and Nadal, 2026). The present manuscript ad
dresses a distinct question: whether artificial intelligence (AI) can make 
the prediction and evaluation of complex mixture toxicity scientifically 
and operationally feasible.

1.2. Why conventional mixture assessment remains insufficient

The main challenge in mixture toxicology is not the coexistence of 
multiple chemicals, but the complexity of their interactions and the 
limits of single-substance data for predicting combined effects 
(Domingo, 2026a). The number of theoretically possible combinations 
increases extremely rapidly. Thus, 20 chemicals generate more than one 
million distinct combinations, and 30 chemicals more than one billion. 
These figures do not include variations in component ratios, doses, 
exposure routes, timing, duration, sequence, metabolism, life stage, 
lifestyle, or genetic susceptibility. Experimental testing cannot cover this 
combinatorial space (Jusko et al., 2026). Although component-based 
approaches are more adaptable, they depend on adequate toxicity and 
exposure data for the individual constituents and usually require as
sumptions regarding additivity (Domingo and Nadal, 2026; Drakvik 
et al., 2020; Kienzler et al., 2016).

Contemporary mixture risk assessment therefore uses pragmatic 
methods, including the hazard index, relative potency factors, toxic 
equivalency factors, reference-point and point-of-departure indices, 
response addition, whole-mixture comparisons, and tiered combinations 
of exposure and hazard information (Beronius et al., 2020). Risk asses
sors also face missing or uneven information. Many established con
taminants have relatively extensive hazard datasets but inadequate 
contemporary exposure information. Conversely, emerging chemicals 
may be detectable by high-resolution analytical methods while lacking 
validated standards, toxicokinetic data, or relevant toxicity studies 
(Santhappan et al., 2026). Transformation products and metabolites 
may be overlooked even when they contribute materially to biological 
effects. The resulting data matrix is sparse: only a limited number of 
chemicals have been tested across a limited number of endpoints, doses, 
species, life stages, and experimental systems (Luijten et al., 2023; Muir 
et al., 2023; Wambaugh and Rager, 2022). These limitations explain 
why regulatory systems continue to rely predominantly on 
chemical-by-chemical assessment. The European and international sci
entific communities have repeatedly identified the need for better 
methods to assess combined exposures, improved data sharing, inte
gration of new approach methodologies (NAMs), and more transparent 
decision schemes (Bopp et al., 2019; Drakvik et al., 2020; Nikolopoulou 
et al., 2023).

1.3. Emergence of artificial intelligence in toxicology

AI encompasses computational systems designed to perform tasks 
that ordinarily require aspects of human cognition, including pattern 
recognition, classification, prediction, language processing, and deci
sion support. Machine learning is a major branch of AI in which algo
rithms infer relationships from data rather than being programmed 
exclusively through fixed rules. Deep learning uses multilayer neural 
networks capable of learning complex representations directly from 
molecular structures, images, sequences, text, or other high-dimensional 
inputs (Domingo, 2026b; Xu et al., 2021).

Applications of AI in toxicology evolved initially from chem
informatics and quantitative structure-activity relationship (QSAR) 
modeling. Conventional QSAR methods relate predefined molecular 
descriptors to a toxicological endpoint. Artificial neural networks, 
support-vector machines, random forests, gradient-boosting methods, 
graph convolutional networks, transformers, and multitask-learning 
architectures are now being applied to toxicity prediction, tox
icokinetics, high-throughput screening, toxicogenomics, adverse 
outcome pathways (AOPs), and image-based phenotyping (Domingo, 
2026b; Kleinstreuer and Hartung, 2024; Lin and Chou, 2022).

AI is also influencing mechanistic toxicology. Ciallella et al. (2021)
developed a knowledge-based deep neural network using public 
high-throughput screening data to organize mechanistic information 
within an AOP context, while toxicokinetic modeling represents another 
important application (Malarvanann et al., 2026). Machine learning can 
assist parameter prediction, surrogate-model development, model cali
bration, sensitivity analysis, and extrapolation across chemicals or 
populations (Chou and Lin, 2023). For mixtures, these tools may even
tually help identify metabolic competition, enzyme inhibition or in
duction, altered clearance, and target-tissue co-exposures that are not 
captured by external-dose addition alone.

The growing influence of AI has led some authors to describe an 
impending transformation of chemical-safety assessment. Kleinstreuer 
and Hartung (2024) argued that toxicology is sufficiently data rich for 
broad AI integration, while emphasizing the need for relevant data, 
mechanistic understanding, and appropriate oversight.

1.4. Why chemical mixtures constitute an especially appropriate problem 
for AI

Mixture toxicology has several characteristics that make it suitable 
for AI-assisted analysis (Luechtefeld and Hartung, 2025). First, the re
lationships between mixture composition, dose, and biological response 
are frequently nonlinear. Second, chemical components may interact 
through multiple toxicokinetic and toxicodynamic mechanisms. Third, 
relevant information is distributed across heterogeneous sources, 
including chemical structures, in vitro assays, animal studies, bio
monitoring, epidemiology, omics, environmental monitoring, and sci
entific text. Fourth, the space of possible combinations is much larger 
than can be investigated experimentally (Backhaus and Faust, 2012; Lin 
and Chou, 2022; Muratov et al., 2020).

Machine learning can, in principle, identify relationships between 
mixture composition and biological response without testing every 
combination, learning whether particular structural features, molecular 
targets, concentration ratios, or pathway combinations are associated 
with greater-than-additive or less-than-additive effects (Esu et al., 2024; 
Limbu and Dakshanamurthy, 2023; Zhang et al., 2023). A conceptual 
workflow from exposure characterization to experimental and regula
tory evaluation is shown in Fig. 1.

AI may also improve mixture prioritization. It is neither possible nor 
necessary to investigate all hypothetical combinations. Priority should 
be given to mixtures that occur in humans or ecosystems, contain 
chemicals with relevant potencies, affect common biological pathways, 
or involve vulnerable populations. Algorithms can integrate co- 
occurrence data from biomonitoring with predicted hazards, 
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toxicokinetics, and mechanistic similarity to identify the mixtures most 
deserving experimental or regulatory attention (Braun and Escher, 
2023; Reale et al., 2024; Wambaugh and Rager, 2022).

1.5. From descriptive to predictive mixture toxicology

Most mixture studies remain descriptive or retrospective. In
vestigators expose a biological system to a selected combination, 
observe the response, and compare it with an additive reference model. 
Epidemiological studies measure multiple exposures and examine their 
associations with health outcomes. Although these approaches remain 
indispensable, they evaluate only a minute fraction of potential mixtures 
(Backhaus and Faust, 2012; Cedergreen, 2014; Domingo and Nadal, 
2026). Predictive mixture toxicology addresses a different question: 
given the identities, concentrations, timing, biological context, and 
available mechanistic information for a mixture, can its likely toxico
logical effects be estimated before direct testing? A useful predictive 
system would need to identify the principal risk-driving components, 
estimate whether combined effects are consistent with addition or 
interaction, predict relevant target organs and pathways, quantify un
certainty, and specify when the mixture falls outside the model's appli
cability domain.

1.6. Objectives, scope, and novelty of the present review

This review examines recent advances in AI-based toxicology with 
particular focus on assessing and predicting the harmful effects of 
chemical mixtures. Its intended contribution is deliberately narrower 
than a general survey of AI in toxicology. Previous reviews have largely 
addressed either conventional mixture toxicology without substantial 
computational content, or AI applications to single-chemical toxicity 
prediction. In contrast, the present review evaluates the specific meth
odological requirements for predicting mixture effects, namely the 
explicit representation of dose, component ratio, exposure duration and 
sequence; the choice of an additivity reference model; mixture-aware 

dataset partitioning and applicability domains; and mechanistic inter
pretability that can withstand regulatory scrutiny. It integrates these 
requirements across mechanistic toxicology, exposomics, NAMs, physi
ologically based pharmacokinetic (PBPK) modeling, and AOP frame
works, and proposes a framework for regulatory-grade implementation.

Equally important, this review is explicit about the maturity of the 
underlying evidence. Relatively few published studies have applied AI 
directly to experimentally characterized chemical mixtures, and a sub
stantial part of the field consists of methods validated for individual 
substances whose extension to mixtures remains a reasonable but un
tested proposition. To avoid conflating technical feasibility with 
empirical validation, each methodological family is classified according 
to its current evidence status, and this classification is carried through 
the text, Table 1, and the conclusions.

2. Methods

2.1. Literature-search strategy

Given the interdisciplinary and rapidly evolving nature of the field, a 
narrative (non-systematic) review was conducted to provide a broad, 
integrative overview of the intersection of AI and chemical-mixture 
toxicology. A flexible, critical synthesis of concepts and emerging 
trends was carried out. A narrative approach was selected to integrate 
heterogeneous methodological, experimental, epidemiological, and 
regulatory evidence and to critically distinguish demonstrated applica
tions from prospective developments. Although this heterogeneity limits 
the feasibility of quantitative pooling, it does not itself preclude a sys
tematic review.

To inform this narrative synthesis, a structured literature search was 
performed in PubMed/MEDLINE, Scopus, Web of Science, and Google 
Scholar. The search focused primarily on publications from the last ten 
years (2016–2026), a period marked by the widespread dissemination of 
AI methods and included studies available through 15 July 2026. Earlier 
studies establishing basic concepts in mixture assessment, QSAR, PBPK 

Fig. 1. Integrated artificial-intelligence framework for predictive chemical-mixture toxicology.
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modeling, AOPs, or regulatory evaluation were also considered. The 
principal search equation combined three blocks with the Boolean 
operator AND: (i) ("artificial intelligence" OR "machine learning" OR 
"deep learning" OR "neural network" OR "graph neural network" OR 
transformer OR "large language model"); (ii) (mixture OR "combined 
exposure" OR "cumulative risk" OR "multiple chemical*" OR co-exposure 
OR multipollutant); and (iii) (toxicology OR toxicity OR "risk assess
ment" OR exposome OR biomonitoring OR QSAR OR PBPK OR "adverse 
outcome pathway" OR "new approach methodologies"). Equivalent 
syntax was used in each database. Reference lists of relevant articles 
were also screened to capture additional seminal or grey literature.

This is a narrative review, which does not report formal PRISMA- 
style deduplication counts or a complete study-selection flow diagram. 
As stated above, it is not a systematic review and does not present a 
quantitatively enumerated or exhaustive inventory of included studies. 
Its objective is a critical, illustrative synthesis of methodological prin
ciples and evidence maturity, not a bibliometric census. The principal 
Boolean search equation and the literature coverage cutoff are reported 

above. Database-specific search strings and individual search execution 
dates are not reported, which limits reproducibility. We consider that 
full PRISMA-style reporting (including documented deduplication pro
cedures, a formal study-selection flow diagram, and inter-reviewer 
agreement statistics) would be most appropriately undertaken in a 
dedicated systematic or scoping review addressing this specific question. 
Such a review, which we identify as an important priority for future 
research, would allow these procedures to be implemented prospec
tively and reported transparently. Retrospectively applying these ele
ments to the present narrative synthesis could create a misleading 
impression of systematic comprehensiveness and methodological 
exhaustiveness that was neither intended nor provided.

2.2. Eligibility criteria

Priority was given to peer-reviewed studies that developed or eval
uated AI-based toxicological predictions; addressed mixtures, combined 
exposures, or cumulative toxicity; integrated structural, mechanistic, 

Table 1 
Principal artificial-intelligence approaches, their potential applications in chemical-mixture toxicology, and the status of the supporting evidence.

AI approach Typical input data Potential role in mixture 
toxicology

Principal strength Principal limitation Current evidence 
status in mixtures

Established statistical 
mixture methods 
(WQS, BKMR, 
quantile g- 
computation)

Measured co-exposure 
profiles and health 
outcomes

Estimation of joint effects 
and component 
contributions; established 
comparator for AI-based 
mixture models.

Purpose-built for correlated 
multi-chemical exposures; 
interpretable weights

Observational; vulnerable to 
confounding and exposure 
measurement error

Demonstrated in 
mixtures (established 
comparator)

Supervised machine 
learning (random 
forest, SVM, 
gradient boosting)

Molecular descriptors, 
concentrations, component 
ratios, assay metadata

Prediction of mixture 
potency and deviation from 
an additive baseline

Robust with moderate 
dataset sizes; feature 
importance available

Requires curated mixture 
data; limited extrapolation 
beyond training space

Proof-of-concept in 
mixtures (Esu et al., 
2024; Weichert et al., 
2025)

Deep learning and 
representation 
learning

Structures, images, 
spectra, omics matrices, 
dose vectors

Modelling of higher-order 
and dose-dependent 
interactions

Captures complex 
nonlinearity; multitask and 
multimodal capability

Data-hungry; limited 
interpretability; overfitting 
risk

Proof-of-concept in 
mixtures (Limbu and 
Dakshanamurthy, 
2023)

Machine-learning 
QSAR and read- 
across

Fingerprints, 
physicochemical 
descriptors, mixture 
descriptors

Two-stage prediction of 
component potency then 
deviation from additivity

Separates additive 
expectation from evidence 
of interaction

Structural similarity does not 
guarantee toxicological 
similarity

Proof-of-concept in 
mixtures (Zhang et al., 
2023)

Knowledge graphs Chemicals, targets, 
pathways, organs, 
outcomes

Identification of mechanistic 
links and convergent toxicity

Mechanistically structured 
and potentially 
interpretable

Dependent on completeness 
and correctness of source 
knowledge

Proof-of-concept in 
mixtures (Ren et al., 
2025)

Explainable AI Outputs of predictive 
models

Identification of risk-driving 
components and candidate 
mechanisms

Supports scientific scrutiny 
and regulatory confidence

Explanations may be 
correlational rather than 
causal

Proof-of-concept in 
mixtures (Chen et al., 
2024)

Graph neural 
networks

Molecular graphs; 
proposed higher-level 
mixture graphs

Joint learning of 
intramolecular structure and 
inter-chemical relationships

Learns representations 
without predefined 
descriptors

No validated mixture 
implementation published to 
date

Extrapolated from 
single-chemical 
toxicology

Transformers and 
chemical 
foundation models

Molecular strings, text, 
omics, multimodal data

Knowledge transfer to data- 
poor mixtures; literature and 
data integration

Pretraining enables transfer 
across tasks

Opacity, training-data bias, 
high computational demand

Extrapolated from 
single-chemical 
toxicology

Active learning and 
closed-loop design

Existing experimental data 
and model uncertainty

Selection of the most 
informative mixtures for 
testing

Reduces experimental 
burden

May overlook biology not 
represented in the initial 
model

Extrapolated from 
single-chemical 
toxicology (Herman 
et al., 2023)

Hybrid AI-PBPK 
models

Chemical properties, 
physiology, exposure, 
kinetics

Prediction of internal doses 
and toxicokinetic 
interactions

Preserves mass balance and 
physiological constraints

Parameter uncertainty; scarce 
mixture kinetic data

Extrapolated from 
single-chemical 
toxicology

Multimodal AI Structures, omics, imaging, 
exposure and clinical data

Integrated prediction of real- 
world mixture toxicity

Captures complementary 
evidence streams

Data harmonization and 
missing modalities

Extrapolated from 
single-chemical 
toxicology

Quantitative read- 
across structure- 
activity relationship 
(q-RASAR)

Structural/ 
physicochemical 
descriptors combined with 
read-across-derived 
similarity and error metrics

Two-stage prediction of 
binary/multicomponent 
mixture potency, combining 
QSAR with similarity- 
weighted read-across

Combines the 
interpretability of read- 
across with the predictive 
power of machine learning; 
comparatively data-efficient

Performance depends on the 
quality and coverage of the 
analogue (training) set; 
limited experience beyond 
two or three components

Proof-of-concept in 
mixtures (Chatterjee 
et al., 2023)

Note: The “current evidence status” column summarizes evidence of application to chemical mixtures according to the categories defined in Section 2.3. Application to 
mixtures does not, by itself, establish predictive validity for previously untested mixtures. Generalization must be evaluated separately for new combinations of known 
components, mixtures containing components absent from the training data, and changes in concentrations, component ratios, exposure duration, or other exposure 
conditions. Accordingly, neither the “demonstrated in mixtures” nor the “proof-of-concept in mixtures” designation alone establishes predictive validity beyond the 
conditions evaluated in the supporting studies. AOP, adverse outcome pathway; BKMR, Bayesian kernel machine regression; PBPK, physiologically based pharma
cokinetic; QSAR, quantitative structure-activity relationship; SVM, support-vector machine; WQS, weighted quantile sum.
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toxicokinetic, exposure, omics, or epidemiological information; or 
examined validation, explainability, reproducibility, applicability do
mains, and regulatory acceptance. Studies restricted to therapeutic ef
ficacy, drug discovery without a substantive toxicity component, or AI 
applications unrelated to chemical hazard or exposure were excluded.

2.3. Classification of evidence status

Because the field is uneven in maturity, each methodological family 
and application discussed below was assigned to one of three categories, 
which are also reported in Table 1. (i) Demonstrated in mixtures: the 
approach has been applied and evaluated on experimentally or epide
miologically characterized mixtures in more than one independent 
study and is already used in practice for combined-exposure analysis. (ii) 
Proof-of-concept in mixtures: at least one published study has applied 
the approach to defined mixtures, but the evidence rests on a small 
number of reports, typically without external or prospective validation. 
(iii) Extrapolated from single-chemical toxicology: the approach has 
been validated for individual substances, and its application to mixtures 
is methodologically plausible but has not yet been demonstrated. 
Throughout the text, statements concerning category (iii) are expressed 
in conditional terms, and are presented as research proposals rather than 
as available capabilities.

To reduce subjectivity in applying these three categories, classifica
tion was based on explicit criteria rather than qualitative impression. An 
application was assigned to “demonstrated in mixtures” only if it met all 
of the following: application to a mixture of two or more defined 
chemical components with specified concentrations or ratios, a stated 
comparator or reference model (e.g., concentration addition or inde
pendent action); replication across more than one independent pub
lished study, and evidence of external or prospective validation, or 
established regulatory or applied use. “Proof-of-concept in mixtures” 
required application to a defined mixture with reported concentrations 
or ratios but permitted evidence from a single published study without 
external validation. “Extrapolated from single-chemical toxicology” was 
assigned when a method had documented single-chemical validation 
but no identified mixture-specific application meeting the above criteria 
at the time of the literature search (July 15. 2026). These explicit criteria 
were applied to the classifications summarized in Table 1.

2.4. Evidence evaluation and synthesis

Selected studies were evaluated for methodological relevance, data 
quality, model validation, biological interpretability, and relevance to 
chemical mixtures. It was examined whether they used separate 
training, validation, and independent test datasets; avoided chemical or 
experimental overlap between datasets; reported doses, concentrations, 
and component ratios; defined model applicability domains; compared 
AI results with conventional models; quantified uncertainty; included 
mechanistic or explainability analyses; conducted external or prospec
tive validation; and provided sufficient access to data or code to support 
reproducibility. Because mixture-specific AI studies remain limited, 
evidence from single-chemical predictive toxicology was included only 
when the methods were directly transferable, and such applications are 
identified as prospective rather than established regulatory practice.

2.5. Defining the mixture-prediction problem

Because “AI for mixture toxicity” can refer to several distinct scien
tific tasks, this review distinguishes explicitly among six prediction 
targets that recur throughout the following sections: (1) prediction of a 
toxicological endpoint for a fully defined mixture (composition, con
centrations, and ratios known), (2) prediction of the magnitude and 
direction of departure from an additive reference model, (3) identifi
cation of the risk-driving components within a complex mixture, (4) 
prioritization of untested mixtures or components for experimental 

testing, (5) quantitative risk characterization suitable for regulatory 
decision-making, and (6) causal epidemiological inference regarding 
health effects of real-world co-exposures. These tasks differ substantially 
in required inputs, appropriate outputs, validation standards, causal 
assumptions, and regulatory consequences. A method that performs well 
for one task (for example, prioritization) should not be assumed fit for a 
more demanding task (for instance, quantitative risk characterization) 
without task-specific validation. This distinction is applied throughout 
the review and is reflected in the evidence-status classification above 
and in the fit-for-purpose requirements summarized in Table 2.

3. Artificial-intelligence methodologies applicable to chemical- 
mixture toxicology

AI is not a single methodology but a broad family of computational 
approaches differing in their assumptions, data requirements, inter
pretability, and predictive capabilities. Selecting an appropriate algo
rithm for mixture toxicology depends on the scientific question under 
investigation. Unsupervised learning can reveal recurrent co-exposure 
patterns without predefined outcome labels, whereas graph-based and 
multimodal models may integrate chemical structures with molecular 
targets, omics responses, exposure information, and phenotypic data 
(Alam et al., 2025; Jusko et al., 2026). The major methodological fam
ilies, together with their mixture-specific strengths, limitations, and 
current evidence status, are summarized in Table 1. No algorithm can 
compensate for an inappropriate study design or poor-quality input 
data. For mixture applications, model development must account 
explicitly for chemical identities, concentrations, component ratios, 
exposure duration, biological model, endpoint definition, and the 
reference model used to classify additivity or interaction (Gant et al., 
2026; Kleinstreuer and Hartung, 2024; Lin and Chou, 2022).

3.1. Conventional supervised machine learning

Supervised machine-learning algorithms learn a mathematical rela
tionship between input features and known outcomes. Commonly used 
methods include random forests, support-vector machines, gradient- 
boosting algorithms, elastic-net regression, k-nearest-neighbor models, 
and artificial neural networks. These approaches have been applied 
extensively to single-chemical toxicity prediction, including genotox
icity, hepatotoxicity, cardiotoxicity, developmental toxicity, skin sensi
tization, endocrine activity, mitochondrial toxicity, and acute systemic 
toxicity (Banerjee et al., 2024a; García de Lomana et al., 2023; Jeong 
and Choi, 2022; Ketkar et al., 2023; Thienpont et al., 2023).

In toxicology of mixtures, the input matrix may contain several 
categories of predictors. Chemical-level features include molecular fin
gerprints, physicochemical properties, structural alerts, predicted mo
lecular targets, and toxicokinetic parameters. Mixture-level features 
include the number of components, molar fractions, concentration ra
tios, total administered concentration, shared targets, pathway overlap, 
and predicted metabolic interactions. Biological features may include 
species, cell type, tissue, sex, age, assay platform, exposure duration, and 
transcriptomic or metabolomic responses (Esu et al., 2024; Zhang et al., 
2023). Supervised learning has already been applied to defined mix
tures: Esu et al. (2024) derived machine-learning dose-response re
lationships that account for interactions among components of 
particulate-matter mixtures, and Weichert et al. (2025) combined in 
silico ecotoxicity predictions with mixture-risk modeling to identify sites 
at risk and the principal risk drivers along a European river. Therefore, 
these applications support the classification of supervised machine 
learning as proof-of-concept in mixtures, including a demonstrated role 
in ecological screening. Nonetheless, model complexity should be pro
portionate to the available data and decision context rather than 
selected because an algorithm is technologically novel (Carrico et al., 
2015; Yu et al., 2022; Zhu et al., 2024).
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3.2. Deep learning and representation learning

Deep-learning models contain multiple computational layers capable 
of learning increasingly abstract representations from raw or minimally 
processed data (Jiang et al., 2025). Their principal advantage is the 
ability to model complex nonlinear relationships and extract predictive 
features directly from structures, images, sequences, spectra, or omics 
matrices. In toxicology, deep learning has been used to analyze chemical 
structures, high-content microscopy, transcriptomics, histopathology, 
and high-throughput screening data (Zhang et al., 2025).

For mixture applications, deep learning could in principle address 
several analytical problems that are difficult for conventional algo
rithms: modeling higher-order interactions involving three or more 
components; learning concentration-dependent relationships when dose 
is incorporated explicitly; integrating multiple data modalities; and 
predicting several endpoints simultaneously through multitask archi
tectures that exploit biological relationships among outcomes (Chu 
et al., 2026; Esu et al., 2024). Direct evidence in mixtures is currently 
limited to proof-of-concept work. Limbu and Dakshanamurthy (2023)
developed a hybrid deep-machine-learning method to predict the 
dose-dependent carcinogenicity of chemical mixtures, which remains 
one of the few published examples in which dose and mixture compo
sition were modeled jointly.

Cell Painting represents a particularly promising high-content 
approach, using multiplexed fluorescent staining and automated imag
ing to quantify hundreds or thousands of morphological features in 
exposed cells. Herman et al. (2023) applied active learning to Cell 
Painting and transcriptomic information to expand the applicability 
domain of deep-learning QSAR models. That work focused on individual 
compounds; extending it to mixtures by selecting combinations that 
maximize the diversity and informativeness of observed phenotypes is a 
plausible, but not yet realized, next step (Garcia de Lomana et al., 2023; 
Herman et al., 2023).

Table 2 
Minimum requirements for regulatory-grade AI models in chemical-mixture 
toxicology.

Domain Minimum 
requirement

Preferred 
evidence

Regulatory 
concern if 
absent

Decision 
context

Clearly defined 
intended use

Prespecified 
regulatory 
question and 
performance 
threshold

Model may be 
applied beyond 
its validated 
purpose

Data 
provenance

Traceable source 
for all training and 
validation data

Curated data with 
persistent 
identifiers and 
quality ratings

Undetected 
errors, 
duplication, or 
unverifiable 
evidence

Mixture 
specification

Complete 
component 
identities, 
concentrations, 
ratios, duration, 
and sequence

Measured internal 
doses and verified 
formulations

Prediction cannot 
be reproduced or 
interpreted

Endpoint 
definition

Standardized and 
biologically 
relevant outcome

Quantitative 
concentration- 
response data

Inconsistent or 
subjective labels

Additivity 
reference

Explicit null model Comparison across 
more than one 
scientifically 
justified model

Claims of synergy 
or antagonism 
may be 
meaningless

Dataset 
partitioning

Independence of 
training and test 
data

Scaffold-, 
component-, 
laboratory-, and 
temporal-split 
validation

Data leakage and 
inflated 
performance

External 
validation

Evaluation on an 
independent 
dataset

Prospective 
multicentre 
validation

Uncertain 
generalizability

Applicability 
domain

Defined chemical, 
mixture, biological, 
and exposure 
domains

Quantitative 
distance or 
conformity metrics

False confidence 
for unfamiliar 
mixtures

Uncertainty Calibrated 
prediction intervals 
or probabilities

Separation of 
epistemic and 
aleatory 
uncertainty

Point estimates 
may be 
misleading

Mechanistic 
plausibility

Toxicologically 
credible 
explanation

Concordance with 
targets, pathways, 
omics, and AOPs

Correct 
prediction may 
arise from 
spurious 
correlations

Explainability Identification of 
influential 
components and 
variables

Global and local 
explanations 
evaluated by 
toxicologists

Limited 
regulatory trust 
and auditability

Comparator Comparison with 
established 
assessment 
methods

Demonstrated 
improvement over 
concentration 
addition or 
conventional 
models

Added value of AI 
remains unknown

Reproducibility Sufficient code, 
model, 
preprocessing, and 
version 
documentation

Public repository 
and executable 
workflow

Results cannot be 
independently 
confirmed

Robustness Sensitivity to data 
perturbation and 
missingness 
assessed

Stress testing and 
adversarial 
evaluation

Predictions may 
be unstable

Human 
variability

Population 
relevance and 
subgroup 
performance 
evaluated

Diverse 
biomonitoring and 
physiological data

Vulnerable 
groups may be 
inadequately 
protected

Governance Accountability, 
version control, 

Independent 
review and post- 

Responsibility for 
errors is unclear

Table 2 (continued )

Domain Minimum 
requirement 

Preferred 
evidence 

Regulatory 
concern if 
absent

audit trail, and 
human oversight

deployment 
monitoring

FAIR principles Data findable, 
accessible, 
interoperable, and 
reusable where 
possible

Standard 
ontologies and 
persistent 
identifiers

Poor integration 
and model bias

Updating Prospective model- 
change protocol

Locked regulatory 
versions plus 
controlled 
retraining

Conclusions may 
change without 
traceability

Note: These requirements should be applied proportionately to the intended use 
and consequences of model error, rather than as a strict hierarchy of decision 
contexts. Data provenance, adequate mixture and endpoint characterization, 
reproducibility, appropriate uncertainty assessment, and safeguards against 
data leakage are relevant from exploratory research onward. For predictive 
models, validation should reflect the intended prediction task and applicability 
domain; an explicit additivity reference is required when assessing departures 
from additivity. As applications progress toward consequential hazard identifi
cation, quantitative risk characterization, or regulatory decision support, 
stronger evidence of external validity, robustness, biological relevance, and 
population applicability is generally needed, together with more formal docu
mentation, independent scrutiny, version control, and monitoring. This mapping 
is illustrative: requirements depend on the specific task and should not be 
interpreted as unnecessary in earlier-stage applications. The proportionate 
approach is consistent with the fit-for-purpose readiness principle discussed in 
Section 8.1 (de Paula Souza et al., 2026). AOP, adverse outcome pathway; FAIR, 
findable, accessible, interoperable, reusable.
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3.3. Molecular fingerprints, QSAR, and read-across

QSAR models remain foundational to predictive toxicology 
(Gadaleta et al., 2024). Traditional QSAR uses descriptors such as mo
lecular weight, lipophilicity, electronic properties, hydrogen-bonding 
capacity, and structural fragments to predict biological activity. Mod
ern machine-learning QSAR can process thousands of descriptors or 
molecular fingerprints and identify nonlinear relationships across large 
chemical spaces (Gadaleta et al., 2024; Mao et al., 2021).

For mixture prediction, component-specific QSAR outputs can be 
combined with concentration and interaction descriptors. One strategy 
is to predict the potency of each constituent and then estimate an ad
ditive baseline. A second model can subsequently estimate deviation 
from that baseline based on structural similarity, shared targets, meta
bolic pathways, or experimental mixture information. This two-stage 
approach separates the expected contribution of individual compo
nents from evidence of interaction (Muratov et al., 2020; Zhang et al., 
2023). Zhang et al. (2023) used machine-learning-driven QSAR methods 
to predict nanoparticle-mixture toxicity, demonstrating that descriptors 
representing individual materials and mixture characteristics can be 
integrated within a single predictive framework, and providing one of 
the clearest mixture-specific proofs of concept currently available.

However, similarity does not ensure equivalent toxicity. Small 
structural differences may substantially alter metabolism, and struc
turally dissimilar chemicals may converge on the same adverse 
pathway. Therefore, mixture read-across should combine structural, 
mechanistic, toxicokinetic, and exposure information, and explicit un
certainty estimates are essential when extrapolating beyond combina
tions represented in the training data (Gant et al., 2026; Muratov et al., 
2020).

A closely related and increasingly mixture-relevant methodology is 
the quantitative read-across structure-activity relationship (q-RASAR) 
approach, which combines conventional QSAR descriptors with simi
larity- and error-based parameters derived from read-across predictions 
within a single statistical model (Banerjee et al., 2024a). Because 
q-RASAR explicitly quantifies chemical similarity to training-set ana
logues, it provides an interpretable and comparatively data-efficient 
alternative to purely data-driven machine learning when 
mixture-specific training data are scarce. Direct mixture applications are 
emerging. Thus, Chatterjee et al. (2023) developed a 
machine-learning-based q-RASAR model to predict the acute contact 
toxicity of binary organic pesticide mixtures in honeybees, combining 
structural and physicochemical descriptors with read-across-derived 
similarity metrics and mixing rules to predict the toxicity of untested 
combinations. The study illustrates how q-RASAR can extend beyond 
single-chemical prediction to genuinely combinatorial mixture prob
lems and supports its classification as proof-of-concept in mixtures, 
complementary to the QSAR and read-across applications described 
above and summarized in Table 1.

3.4. Graph neural networks

Molecules are naturally represented as graphs in which atoms are 
nodes and chemical bonds are edges. Graph neural networks propagate 
information through these molecular graphs and learn representations 
relevant to a target property (Chen et al., 2026). This reduces reliance on 
predefined molecular descriptors and can identify structural features 
associated with a modeled property. Comparative analyses of 
graph-based and descriptor-based approaches for molecular property 
prediction have been reported (Wen et al., 2025). In toxicology, Ketkar 
et al. (2023) benchmarked graph-based architectures for acute-toxicity 
estimation, Soulios et al. (2023) developed an enhanced 
toxicity-prediction framework incorporating graph neural networks, 
and further models have extended graph-based prediction toward 
interpretable toxicity assessment (Chotaliya and Agrawal, 2025). All 
these concern individual molecules.

A chemical mixture could be represented as a graph of graphs, in 
which each constituent molecule is represented by its own molecular 
graph while a higher-level graph connects the constituents according to 
relative concentration, chemical similarity, predicted target overlap, 
metabolic relationships, or experimental evidence of interaction. Such a 
hierarchical representation would allow a model to learn both intra
molecular structural features and inter-chemical relationships. It should 
be emphasized that this remains a proposal extrapolated from single- 
chemical applications; to the author's knowledge, no validated imple
mentation for toxicological mixtures has yet been published. Interpret
ability is a further constraint. Wu et al. (2023) developed a 
substructure-masking explanation method that attributes 
graph-neural-network predictions to chemically meaningful fragments, 
evaluated for properties including genotoxicity and cardiotoxicity.

3.5. Transformers and chemical foundation models

Transformer architectures were initially developed for language 
processing but have subsequently been adapted to molecular strings, 
protein sequences, chemical reactions, omics data, images, and multi
modal biomedical information (Madan et al., 2024). They use attention 
mechanisms to learn relationships among elements of an input sequence 
or set, including relationships separated by long distances. Chemical 
transformers can be pretrained on millions of molecular structures using 
self-supervised objectives, and the resulting representations may then be 
fine-tuned for toxicity prediction using smaller labeled datasets (Seal 
et al., 2025).

In principle, mixture composition can be represented as a set or 
sequence of molecular structures accompanied by concentrations, 
enabling attention mechanisms to learn which constituents and pairwise 
relationships are most relevant to the predicted endpoint (Chu et al., 
2026; Yang et al., 2019). Multimodal-learning systems may be especially 
valuable in this context. Chu et al. (2026) developed a 
mixture-of-experts strategy for multimodal toxicity prediction, in which 
specialized sub-networks are each trained on a different data modality 
and a learned gating function weights their outputs, rather than forcing 
a single architecture to process structurally dissimilar inputs identically. 
Despite the terminology, that approach concerns architectural design 
rather than chemical mixtures, and its transfer to mixture prediction 
remains prospective.

3.6. Explainable artificial intelligence

Regulatory toxicology requires more than predictive accuracy. A 
model must provide scientifically credible reasons for its outputs, 
characterize uncertainty, and define its applicability domain. Explain
able AI encompasses methods intended to reveal how inputs influence 
predictions (Achar et al., 2024; Fridkin and Bendersky, 2026). For 
mixtures, explainable AI must also avoid misleading simplification, 
because a feature-attribution score does not demonstrate a causal 
mechanism. If two chemicals are strongly correlated in the training data, 
a model may assign importance to one while the true causal agent is the 
other. Explanations should therefore be interpreted as hypotheses 
requiring toxicological evaluation rather than as definitive mechanistic 
proof (Chen et al., 2024; Esu et al., 2024; Gant et al., 2026). Explainable 
approaches have nevertheless already been applied to real mixtures: 
Chen et al. (2024) used interpretable machine learning to examine two 
groups of metals with potentially opposing renal effects in relation to 
renal function in middle-aged and older adults. This limitation is 
particularly relevant to deep-learning and graph-based models, because 
their internal representations often cannot be directly linked to 
well-defined molecular mechanisms. Feature-attribution methods can 
indicate the relative statistical contribution of specific variables to a 
prediction. Nonetheless, they do not establish a validated mode of ac
tion. Accordingly, even when an explanation appears biologically 
plausible, it should not be interpreted as mechanistic proof. This 
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interpretability limitation (rather than necessarily inadequate predictive 
performance) is a key reason why outputs from AI-derived models 
should undergo toxicologist-led mechanistic evaluation before being 
considered in regulatory decision-making.

4. AI applications in the assessment of mixture toxicity

4.1. Prediction of additive, synergistic, and antagonistic effects

One of the most attractive potential applications of AI is prediction of 
whether a chemical combination will behave according to concentration 
addition, independent action, synergism, or antagonism (Perez Santin 
et al., 2021). However, these categories are meaningful only relative 
to a specified null model. A mixture can appear synergistic under one 
reference model and additive under another, particularly when indi
vidual concentration-response curves differ in slope or maximum effect 
(Backhaus and Faust, 2012; Cedergreen, 2014; Esu et al., 2024). AI 
models should therefore be trained using quantitative measures of de
viation from an explicitly defined additive expectation rather than 
inconsistent verbal labels extracted from publications. Suitable out
comes include the difference between observed and predicted response, 
combination-index values, model-deviation ratios, or posterior proba
bilities that the mixture differs from the selected null model 
(Cedergreen, 2014; Esu et al., 2024).

Therefore, a particularly useful role for AI may be to model de
partures from toxicological expectation rather than toxicity alone. For a 
given mixture, an expected response can first be defined using an 
established reference model, such as concentration addition, dose 
addition, or independent action. Deviations between observed and 
reference-model-predicted mixture effects can then be quantitatively 
characterized (Schmitt et al., 2026), providing a potentially informative 
target for AI-based modeling. AI approaches could be applied to identify 
systematic patterns in these deviations and determine which features of 
mixture composition, concentration, chemical structure, biological 
context, or exposure conditions are associated with them. In this 
framework, AI would not replace established toxicological principles but 
would instead learn the residual complexity that conventional models 
fail to explain. Such an approach could improve mechanistic interpret
ability by generating hypotheses about the conditions under which 
synergistic or antagonistic interactions emerge, while providing a more 
transparent basis for evaluating whether AI offers meaningful informa
tion beyond established mixture models.

Binary classification of synergy versus no synergy is insufficient for 
risk assessment. A small but statistically significant deviation may be 
toxicologically negligible, whereas a moderate deviation at an envi
ronmentally relevant concentration may be important (Elasan, 2024). 
Models should predict both the direction and the magnitude of inter
action and should preserve concentration-response information 
(Cedergreen, 2014; Limbu and Dakshanamurthy, 2023).

Mechanistically informed features may improve prediction. These 
include shared targets, complementary pathway perturbations, inhibi
tion or induction of metabolic enzymes, transporter competition, re
ceptor cross-talk, oxidative-stress potential, mitochondrial effects, and 
target-organ concordance. Toxicokinetic interactions are particularly 
important because one chemical may alter the internal concentration of 
another without sharing its primary molecular target (Chou and Lin, 
2023; Ciallella et al., 2021).

4.2. Identifying risk-driving components

Complex environmental samples may contain dozens or hundreds of 
measured chemicals, but overall biological activity can be driven 
disproportionately by a smaller subset. AI can support component pri
oritization by combining measured concentrations with predicted po
tency, target relevance, and model-attribution scores (Luijten et al., 
2023). Experimental confirmation could then proceed through 

mixture-deletion or component-addition studies. In a deletion design, 
individual components are removed sequentially from the complete 
mixture to determine whether predicted drivers materially alter the 
biological response (Chen et al., 2024; Esu et al., 2024). This strategy 
could substantially reduce the experimental burden: instead of testing 
every possible combination, investigators could focus on the complete 
mixture, the predicted high-contribution subset, and a limited number 
of targeted deletions (Carlin and Rider, 2024). Correlated components 
nevertheless remain problematic, because a chemical may appear 
important simply because it serves as a surrogate for an unmeasured or 
co-occurring contaminant (Hou et al., 2025).

4.3. Prioritizing mixtures for experimental testing

AI-based prioritization should integrate three domains: evidence of 
co-exposure, intrinsic or predicted hazard, and biological plausibility of 
joint action. Mixtures consistently observed in human biomonitoring, 
food, drinking water, occupational environments, or ecological matrices 
should receive higher priority than hypothetical combinations unlikely 
to occur (Luijten et al., 2023; Wambaugh and Rager, 2022). Network 
analysis can represent co-exposure relationships, while supervised 
models can connect the resulting clusters with biological outcomes. 
Priority scores can then incorporate concentration, detection frequency, 
toxicological potency, vulnerable-population relevance, persistence, 
and predicted interaction (Bobb et al., 2015; Joubert et al., 2022; Zhu 
et al., 2024). Computational approaches specifically developed to pre
dict mixture toxicity have been reviewed previously (Kar and 
Leszczynski, 2019).

Active learning could make testing more efficient: rather than 
selecting mixtures randomly or exhaustively, the algorithm identifies 
the untested combination expected to reduce predictive uncertainty 
most strongly. Herman et al. (2023) demonstrated the utility of active 
learning in a toxicity-prediction context integrating phenotypic infor
mation for individual compounds. For mixture toxicology, the same 
principle could guide selection of component ratios, concentrations, 
time points, and biological models, although this application has not yet 
been experimentally validated.

Although this review focuses on human health, comparable ap
proaches are emerging in ecological mixture risk assessment, where the 
combinatorial problem is at least as severe because far fewer aquatic 
species than human endpoints have measured toxicity data for most 
environmental contaminants. Weichert et al. (2025) applied 
machine-learning-based in silico ecotoxicity predictions to fill 
hazard-data gaps along a small European river, combining multiple 
exposure and hazard scenarios across several taxonomic groups and 
identifying pharmaceuticals as the main risk drivers. This is among the 
clearest examples in which AI-derived predictions have been used 
operationally within a mixture risk assessment.

4.4. Dose-response and temporal prediction

The utility of AI for regulatory assessment depends critically on 
quantitative prediction across doses. Many published toxicity models 
classify compounds as toxic or non-toxic without specifying exposure 
level. Such models may support screening but cannot establish a point of 
departure or evaluate whether typical human exposure approaches a 
biologically active concentration (Yang et al., 2018). Neural ordinary 
differential equations, recurrent neural networks, temporal convolu
tional networks, and transformer models may be used to analyze dy
namic biological responses (Chou and Lin, 2023; Limbu and 
Dakshanamurthy, 2023; Sun et al., 2026).

Time is particularly important for mixtures (Ashauer et al., 2017). 
Simultaneous exposure can produce a different effect from sequential 
exposure if the first chemical induces metabolic enzymes, depletes 
antioxidant reserves, damages a barrier, or changes receptor expression 
before the second exposure. A static mixture representation cannot 
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capture these processes. Longitudinal models should therefore distin
guish component identity, concentration, sequence, and timing 
(Backhaus and Faust, 2012; Domingo and Nadal, 2026).

4.5. AI-assisted PBPK and toxicokinetic modeling

PBPK models translate external exposure into predicted concentra
tions in blood, tissues, and target organs. For mixtures, PBPK models can 
represent enzyme competition, transporter interactions, protein-binding 
displacement, altered absorption, and shared elimination pathways 
(Gonnabathula et al., 2025). Surrogate models can approximate 
computationally intensive PBPK simulations, enabling rapid evaluation 
of thousands of exposure scenarios. Chou and Lin (2023) reviewed the 
growing role of machine learning in PBPK modeling and identified 
parameter prediction, model optimization, and population extrapola
tion as major opportunities. Machine learning has likewise been used to 
predict specific toxicokinetic properties, such as the propensity of xe
nobiotics to transfer into human milk (Vijayaraghavan et al., 2024).

Hybrid models combining PBPK structure with machine learning 
may be preferable to fully data-driven approaches. The mechanistic 
PBPK component preserves mass balance and physiological constraints, 
while AI estimates poorly characterized parameters or nonlinear in
teractions. For mixtures, this framework could distinguish toxicody
namic interaction from apparent synergy caused by altered internal 
exposure (Chou and Lin, 2023; Lin and Chou, 2022). Published appli
cations remain almost entirely single-chemical, so the mixture use of 
hybrid AI-PBPK models is currently extrapolated rather than 
demonstrated.

A further dimension of AI-assisted PBPK modeling concerns genetic 
variation in xenobiotic-metabolizing enzymes, transporters, and re
ceptors. Internal exposure is not simply a function of external dose. It is a 
biological phenotype shaped by genetic variation in cytochrome P450 
(CYP) enzymes and other determinants of absorption, distribution, 
metabolism, and elimination, so that two individuals exposed to an 
identical external mixture can experience materially different tissue 
concentrations, metabolite profiles, and downstream biological re
sponses (Grzegorzewski et al., 2022). Mechanistic PBPK models incor
porating CYP genotype or activity-score information have already been 
developed and validated for individual xenobiotics (Grzegorzewski 
et al., 2022), showing the feasibility of embedding pharmacogenomic 
variability within a physiologically structured framework. Although 
extending this approach to AI-augmented PBPK models for mixtures, in 
which genomic variation is treated as an explicit input alongside expo
sure history and mixture composition, remains prospective, it is meth
odologically plausible.

In a mixture context, a genetic variant affecting one metabolic or 
transport pathway could simultaneously alter the internal concentration 
of one component and the metabolic disposition of another. Thus, an 
interaction that appears synergistic or antagonistic at the population 
level may, in some individuals, primarily reflect genotype-dependent 
toxicokinetic interaction rather than a toxicodynamic one (Chou and 
Lin, 2023). Rather than treating genetic susceptibility only as an 
epidemiological effect modifier, AI-augmented PBPK models could, in 
principle, be used to examine how specific genetic variants alter internal 
exposure, integrating genomic, toxicokinetic, and tissue-dosimetry in
formation within a single mechanistically constrained platform. Large 
language models may contribute to this effort not as replacements for 
validated mechanistic or statistical models, but as an interactive inter
face through which investigators can iteratively query heterogeneous 
genomic, exposomic, and toxicokinetic datasets and formulate hypoth
eses (for example, exploring how alternative metabolic genotypes might 
alter tissue-level area-under-the-curve estimates, or whether an 
apparent mixture interaction persists after accounting for 
genotype-dependent internal dose) (Bell et al., 2026). This direction 
would extend the mechanistic-interpretability emphasis of this review 
from explaining why toxicity differs across mixtures and exposure 

scenarios to explaining why it differs across individuals. It is consistent 
with the broader observation that unresolved mixture-related health 
risks in genetically heterogeneous populations, such as those historically 
associated with contaminated drinking water at Camp Lejeune, can 
partly reflect this unmodeled toxicokinetic heterogeneity (Pressman and 
Hayes, 2026). This remains, at present, a conceptual extension rather 
than a demonstrated application, and is identified as a specific priority 
for future research.

4.6. AI and adverse outcome pathways

AOPs organize mechanistic evidence from a molecular initiating 
event through intermediate key events to an adverse outcome. They 
offer a biologically interpretable framework for grouping chemicals and 
evaluating whether different components converge on the same toxi
cological process (Ciallella et al., 2021; Mortensen et al., 2025). Ciallella 
et al. (2021) demonstrated a knowledge-based deep-neural-network 
approach that used high-throughput screening data to reveal AOP re
lationships. For mixtures, AOP networks are more relevant than isolated 
linear pathways, because several chemicals may activate different mo
lecular initiating events that converge on a shared key event, or a single 
chemical may affect multiple pathways simultaneously. Graph-based AI 
could estimate cumulative pathway perturbation and identify network 
bottlenecks at which combined effects become biologically amplified 
(Mortensen et al., 2025).

AOP-based mixture prediction remains constrained by incomplete 
pathway coverage and uncertain quantitative relationships between key 
events. Many AOPs are qualitative, whereas regulatory prediction re
quires dose-, time-, and context-dependent information 
(Ortega-Vallbona et al., 2024). AI should therefore support, rather than 
substitute for, quantitative AOP development.

4.7. Multicomponent formulations and impure commercial products

The mixture-toxicity framework described above is directly trans
ferable to a related and practically important scenario: commercial 
products and technical-grade materials that are formulated or manu
factured as multicomponent systems instead of single, chemically pure 
substances. Pesticide formulations, industrial solvents, personal-care 
products, food-contact materials, and many technical-grade industrial 
chemicals routinely contain intentionally added co-formulants, solvents, 
stabilizers, or surfactants together with unintentional synthesis by- 
products and process impurities, so that the toxicologically relevant 
unit is frequently the formulated product rather than the nominal active 
ingredient (Cedergreen, 2014). AI-based mixture approaches, including 
the two-stage QSAR/read-across and q-RASAR strategies, are in princi
ple well suited to this problem. They can incorporate the declared 
composition of a formulation together with structural and physico
chemical descriptors of its individual constituents to estimate whether 
whole-product toxicity departs from that expected from the active 
ingredient alone. This approach is directly analogous to 
component-based mixture assessment but applied to manufactured 
products rather than to environmental co-exposures. A substantial 
additional difficulty specific to commercial and technical-grade samples 
is that impurity profiles are frequently unknown, proprietary, or vari
able between batches. Unidentified impurities cannot be represented as 
structural descriptors. Therefore, they are invisible to component-based 
AI models unless untargeted chemical characterization is concurrently 
performed. Consequently, AI-predicted toxicity for a declared formula
tion should be interpreted as an incomplete estimate of potential hazard, 
subject to uncertainty from uncharacterized constituents, while confir
matory whole-product testing remains necessary whenever impurity 
content is not fully characterized (Muir et al., 2023).
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5. Artificial intelligence, exposomics, and environmental- 
mixture epidemiology

5.1. Untargeted chemical analysis

Exposomic platforms using high-resolution mass spectrometry can 
detect large numbers of exogenous chemicals and endogenous metabo
lites, but many features remain unidentified or only tentatively anno
tated (Talavera Andujar and Schymanski, 2026). The analytical 
challenge is no longer restricted to detecting signals; it includes identi
fying compounds, estimating concentrations, distinguishing exposure 
biomarkers from biological responses, and linking complex profiles to 
health outcomes (Jusko et al., 2026). AI can improve spectral matching, 
fragmentation prediction, retention-time prediction, and prioritization 
of candidate structures (Sille et al., 2025; Vermeulen et al., 2020). These 
capabilities are directly relevant to mixture toxicology because incom
plete chemical identification causes substantial exposure misclassifica
tion. Sille et al. (2025) emphasized the role of AI-based retention-time 
prediction in improving chemical identification and supporting future 
large-scale exposome initiatives. AI may also help estimate concentra
tions when authentic reference standards are unavailable, although 
predicted quantities remain more uncertain than validated targeted 
measurements (Muir et al., 2023; Sille et al., 2025).

Human biomonitoring can serve as an empirical anchor for defining 
which chemical mixtures are present within human populations and 
therefore which mixtures should be prioritized for AI-assisted toxico
logical assessment.

5.2. Integrating exposure profiles with multi-omics

Exposome studies generate thousands of chemicals, metabolomic, 
transcriptomic, epigenomic, proteomic, and microbiome variables that 
are highly dimensional, correlated, and frequently incomplete (Wan 
et al., 2025). AI can identify latent exposure-response patterns and 
potentially distinguish biomarkers of external exposure from down
stream biological effects (Guimbaud et al., 2024; Vermeulen et al., 
2020).

Multimodal architecture can integrate different omics layers while 
preserving modality-specific information. For example, chemical expo
sure profiles can be related with transcriptomic pathway activation and 
metabolomic evidence of oxidative stress or mitochondrial dysfunction 
(Rogers et al., 2025), potentially revealing mechanistic signatures of 
mixture exposure that are not attributable to a single measured 
contaminant. Ren et al. (2025) illustrated this approach by coupling a 
biological knowledge graph with machine learning to link a mixture of 
per- and polyfluoroalkyl substances (PFAS) and metals to early preg
nancy loss, demonstrating how mechanistic knowledge can be 
embedded directly into a mixture-epidemiology model rather than 
treated only as post hoc interpretation. This is a genuine mixture 
application, although it currently rests on a single study. Multi-omics 
models are vulnerable to overfitting, batch effects, and reverse causa
tion, because biological profiles may reflect disease processes, medica
tion, diet, age, or other factors rather than exposure alone. External 
replication and temporally resolved sampling are therefore essential 
(Gant et al., 2026).

5.3. Environmental epidemiology

Machine learning complements but does not replace established 
mixture-statistics methods. Weighted quantile sum regression, Bayesian 
kernel machine regression, quantile g-computation, and related ap
proaches were developed specifically to evaluate multiple correlated 
exposures (Gao et al., 2025). Their strengths include explicit estimation 
of mixture effects and, in some cases, nonlinear or non-additive re
lationships (Bobb et al., 2015; Carrico et al., 2015; Keil et al., 2020; Pan 
et al., 2025; Yu et al., 2022; Zhu et al., 2024). These methods constitute 

the one area in which quantitative multi-chemical modeling is genuinely 
established rather than prospective, and they should be regarded as the 
comparator against which AI approaches are judged. AI can extend them 
by accommodating higher-dimensional exposure spaces, complex in
teractions, and unstructured data.

Predictive accuracy is not equivalent to causal inference. A model 
may accurately predict an outcome from a chemical mixture because 
exposures serve as proxies for socioeconomic conditions, occupation, 
diet, or geography (Chen et al., 2024; Joubert et al., 2022; Zhang et al., 
2024). Causal machine learning represents a promising but demanding 
development, and methods such as causal forests, doubly robust 
learners, targeted machine learning, and Bayesian causal models may 
estimate heterogeneous exposure effects under specified assumptions 
(Komura et al., 2026). In mixture epidemiology, these approaches could 
examine whether combined exposures have different effects across age, 
sex, genetic background, nutritional status, or socioeconomic circum
stances (Joubert et al., 2022; Moccia et al., 2024; Zhu et al., 2024).

The validity of causal estimates nevertheless depends on adequate 
confounder measurement, positivity, temporal ordering, and model 
specification. AI cannot recover unmeasured causal information simply 
from dataset size, so mechanistic toxicology, epidemiology, and expo
sure science must be integrated rather than treated as interchangeable 
evidence streams (Keil et al., 2020; Yu et al., 2022).

6. Artificial intelligence and new approach methodologies

NAMs are essential to any realistic strategy for mixture assessment. 
High-throughput screening, organoids, organ-on-chip systems, tran
scriptomic biomarkers, and high-content imaging can generate human- 
relevant data across multiple endpoints while reducing animal use 
(Collen et al., 2025; Hartung and Kleinstreuer, 2025). Collen et al. 
(2025) illustrated what this integration looks like in practice for a 
particularly data-poor endpoint, mapping strategies to combine multiple 
NAM batteries into a human-relevant developmental neurotoxicity 
testing strategy for which animal data are sparse, expensive to generate, 
and often only weakly predictive of the human outcome.

Machine learning can analyze these outputs, identify response pat
terns, estimate points of departure, and prioritize confirmatory experi
ments. Thienpont et al. (2023) showed how support-vector-machine and 
random-forest models can translate transcriptomic biomarker responses 
into genotoxicity predictions, while Vignaux et al. (2023) externally 
evaluated machine-learning predictions of acetylcholinesterase inhibi
tion, an endpoint directly relevant to cumulative assessment of 
cholinesterase-inhibiting pesticides. External evaluation of this kind 
remains uncommon and should become standard practice.

For mixtures, NAMs can be organized as follows: (a) initial compu
tational screening using structural alerts, target prediction, QSAR, and 
exposure-informed prioritization; (b) high-throughput functional testing 
through concentration-response assays for relevant molecular initiating 
events and cellular stress pathways; (c) high-content mechanistic char
acterization using transcriptomics, metabolomics, cell imaging, orga
noids, or microphysiological systems, and (d) targeted confirmation 
through focused in vivo, clinical, biomonitoring, or epidemiological 
evaluation when necessary (Drakvik et al., 2020; Hartung and Klein
streuer, 2025; Italiya and Subramanian, 2025). AI can integrate evi
dence across tiers and identify discordant results. A mixture predicted to 
activate a pathway structurally but inactive in human-relevant assays 
may be deprioritized, while consistent predictions across structure, 
transcriptomics, and organoid responses would support further evalua
tion (Ciallella et al., 2021; Hartung and Kleinstreuer, 2025; Lin and 
Chou, 2022).

Validation remains central. Hartung and Kleinstreuer (2025)
emphasized that AI-based NAMs must be assessed for reliability, rele
vance, reproducibility, uncertainty, and fitness for purpose. A model 
acceptable for preliminary screening may not be sufficient for setting a 
regulatory exposure limit, and validation requirements should therefore 
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be proportional to the consequence of the decision.

7. Interim synthesis: toward predictive mixture toxicology

AI can extend conventional mixture assessment by predicting un
tested combinations, identifying risk-driving components, modeling 
dose and time, prioritizing realistic co-exposures, integrating chemical 
and biological data, optimizing experiments, and quantifying uncer
tainty (Esu et al., 2024; Limbu and Dakshanamurthy, 2023; Singh et al., 
2024; Zhang et al., 2023). The principal applications, their evidentiary 
requirements, and their current evidence status are summarized in 
Table 1.

The overall picture that emerges is deliberately unbalanced, and this 
asymmetry is itself an important finding. Established quantitative multi- 
chemical modeling in human populations rests almost entirely on sta
tistical mixture methods developed within environmental epidemiology. 
Mixture-specific machine-learning work exists but is confined to a small 
number of proof-of-concept studies covering particulate-matter oxida
tive potential, nanoparticle mixtures, dose-dependent carcinogenicity, 
metal mixtures and renal function, PFAS-metal mixtures and pregnancy 
loss, and ecological risk along a single river. A considerable proportion 
of the remaining literature consists of methods validated on individual 
chemicals whose mixture applications are proposed rather than tested. 
Mixture datasets are small and heterogeneous, external validation is 
uncommon, and much of the current optimism is extrapolated from 
single-chemical toxicology (Gustavsson et al., 2023). The credible path 
forward is therefore a hybrid framework combining AI with exposure 
science, PBPK modeling, mechanistic toxicology, NAMs, conventional 
statistics, and expert judgment (Gant et al., 2026; Hartung and Klein
streuer, 2025).

8. Regulatory implementation of AI-assisted mixture assessment

8.1. Current position and intended use

Regulatory authorities increasingly acknowledge that chemical-by- 
chemical assessment does not represent combined exposures 
adequately, but formal adoption of AI for mixture risk assessment re
mains limited. Current practice still relies principally on component- 
based and whole-mixture methods, concentration or dose addition, 
toxic-equivalency factors, hazard indices, relative potency factors, and 
cumulative assessment groups. AI is most defensible at present for pri
oritization, read-across, evidence retrieval, data-gap filling, grouping, 
and NAM interpretation, rather than as the sole basis for a final decision 
(Bell et al., 2026; Drakvik et al., 2020; Gant et al., 2026).

EFSA, the US EPA, and the OECD offer broadly compatible frame
works for assessing chemical mixtures using cumulative assessment 
groups, component-based methods, chemical grouping, AOPs, PBK/ 
PBPK models, and integrated approaches to testing and assessment 
(IATA). AI-based tools should be evaluated for regulatory readiness and 
fitness for the specific decision context, including transparent valida
tion, uncertainty characterization, and defined applicability domains 
(de Paula Souza et al., 2026). This distinction between general accept
ability and purpose-specific readiness is now being operationalized at 
the European regulatory level. The Partnership for the Assessment of 
Risks from Chemicals (PARC) project ReadyAI is developing a readiness 
scoring system, built on the OECD (Q)SAR Assessment Framework, that 
scores AI-based models in chemical risk assessment against criteria 
covering data curation, model development, validation, explainability, 
and uncertainty quantification (de Paula Souza et al., 2026). Rather than 
simply accepting or rejecting a model, this scoring system indicates the 
decision contexts for which it is sufficiently mature. Table 2 applies the 
same principle to mixture assessment. A recent review has similarly 
emphasized transparency, validation, interpretability, and ongoing 
surveillance as prerequisites for regulatory acceptance of AI-based 
toxicology tools (Kolesnyk et al., 2026).

8.2. Fit-for-purpose validation

Validation should address technical performance, biological rele
vance, chemical and mixture applicability, reproducibility, uncertainty, 
and decision relevance. Random splits within a single dataset are 
inadequate when related chemicals, repeated experiments, or mixtures 
sharing components occur in both training and test sets. More infor
mative evaluations include scaffold or chemical-cluster splitting, tem
poral and laboratory-based validation, leave-one-component-out 
testing, and independent prospective mixtures (Gant et al., 2026; Har
tung and Kleinstreuer, 2025; Muratov et al., 2020). Mixture-specific 
validation should determine whether performance is retained for new 
combinations, unseen components, altered ratios, different concentra
tion ranges, exposure sequences, biological systems, and population 
groups.

8.3. Reporting and governance

Minimum reporting should include component identities and con
centrations, data provenance, preprocessing, missing-data handling, 
model architecture and hyperparameters, partitioning strategy, perfor
mance metrics, uncertainty methods, applicability-domain criteria, and 
explanation procedures. Negative results and failed external validations 
are essential for defining the boundaries of utility (Belfield et al., 2025; 
Gant et al., 2026; Muratov et al., 2020). Governance also has a societal 
dimension, since the acceptability of AI-supported decisions depends on 
public perception of the associated risks, benefits, and values (Brauner 
et al., 2025). The principal validation and reporting requirements are 
summarized in Table 2.

8.4. Implications of AI for classical mixture-assessment frameworks

The emergence of AI-based methods does not leave classical mixture- 
assessment frameworks unchanged. Concentration addition, indepen
dent action, the hazard index, and relative potency factors were devel
oped under data constraints that required strong simplifying 
assumptions, particularly dose-additivity and toxicological similarity 
among components (Backhaus and Faust, 2012; Beronius et al., 2020). 
AI-based models challenge these frameworks in at least three ways. First, 
by enabling explicit, quantitative modeling of departures from addi
tivity instead of relying on binary synergy/antagonism labels, AI can 
show that some interactions previously classified as synergistic can 
largely reflect the choice of reference model, not a genuine biological 
interaction. This can encourage more careful specification of the null 
model used in conventional assessments. Second, AI-assisted PBPK 
modeling may attribute apparent toxicodynamic interactions to tox
icokinetic causes, such as altered internal dose, which classical 
component-based methods generally cannot distinguish. Third, 
explainable AI and knowledge-graph approaches can surface candidate 
mechanistic links between mixture components that were not previously 
considered in a classical assessment, generating hypotheses for targeted 
testing. At the same time, classical frameworks retain essential advan
tages that current AI methods cannot replicate (transparency, a long 
regulatory track record, minimal data requirements, and direct inter
pretability by non-specialist risk assessors). Consequently, the most 
defensible near-term relationship is not substitution but reciprocal 
constraint. Thus, classical additivity models provide the explicit null 
hypothesis against which AI predictions are evaluated, while AI helps 
identify the circumstances in which, and the reasons why, those classical 
assumptions are not met.

9. Scientific and technical limitations

Despite growing scientific interest, the translation of AI methods into 
routine mixture-toxicology practice has remained slow. This situation 
reflects identifiable technical and practical bottlenecks, rather than a 
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lack of scientific interest. A major challenge is the limited availability of 
high-quality, mixture-specific training data. Other difficulties include 
the explicit representation of dose, timing, and internal exposure, as well 
as failures of applicability when models are extrapolated beyond the 
distributions represented in their training data. Existing datasets may 
also systematically underrepresent particular chemicals, exposure sce
narios, and population groups. Further concerns include the risk of 
interpreting predictive correlations as evidence of causality or mecha
nism, insufficient reproducibility and data-governance practices, and 
the potentially substantial computational and environmental costs of 
large AI models. Each of these challenges is considered below, together 
with its practical implications for mixture risk assessment.

9.1. Scarcity of mixture-specific training data

High-quality, quantitative data on chemical mixtures remain scarce 
compared with data on individual substances, and mixture studies are 
highly heterogeneous in composition, exposure conditions, biological 
systems, endpoints, and interaction definitions. Models may conse
quently learn study-specific features rather than generalizable toxico
logical principles (Drakvik et al., 2020; Gant et al., 2026; Kienzler et al., 
2016). Much of the current optimism concerning AI-assisted mixture 
prediction is based on extrapolation from successful single-chemical 
models (Serra et al., 2026). Platforms such as ProTox 3.0 can predict 
numerous toxicity endpoints for individual chemicals, while graph 
neural networks, chemical-language models, and deep-learning systems 
increasingly provide accurate component-level predictions (Banerjee 
et al., 2024b; Seal et al., 2025). These resources are valuable inputs to 
mixture models but cannot by themselves establish how components 
interact.

The creation of reference mixture datasets should become an inter
national priority. Such datasets should include both positive and nega
tive interactions, complete concentration-response curves, standardized 
controls, replicated experiments, internal-dose information where 
feasible, and mechanistic measurements. Environmentally realistic 
mixtures should be represented alongside systematically designed 
combinations that explore chemical and biological space (Hartung and 
Kleinstreuer, 2025; Joubert et al., 2022).

9.2. Dose, timing, and internal exposure

Many AI toxicity models treat hazard as an intrinsic molecular 
property and omit exposure concentration. This approach can support 
prioritization but not risk characterization. For mixtures, the omission is 
particularly serious, because interaction may occur only within a narrow 
range of doses or component ratios (Limbu and Dakshanamurthy, 2023; 
Lin and Chou, 2022).

9.3. Applicability-domain failure and distribution shift

An AI model is generally reliable only within the chemical, biolog
ical, and experimental domain represented in its training data. Real- 
world mixture assessment frequently requires extrapolation to new 
chemicals, unusual combinations, low-dose chronic exposure, develop
mental windows, or susceptible populations (Hartung and Kleinstreuer, 
2025; Muratov et al., 2020). Failure can also occur when an in vitro 
model trained on acute cytotoxicity is used to infer chronic endocrine, 
neurodevelopmental, immunological, or ecological effects. 
Applicability-domain analysis should therefore operate at several levels: 
chemical domain (structural and physicochemical similarity); mixture 
domain (similarity in components and component ratios); biological 
domain (assay, species, tissue, life stage, and endpoint); exposure 
domain (dose, duration, timing, and route); and mechanistic domain 
(molecular targets and biological pathways).

9.4. Bias and representativeness

Training data can reproduce longstanding biases in toxicology. 
Frequently studied chemicals, commercially important compounds, 
pharmaceuticals, and well-funded regulatory endpoints are over
represented, whereas transformation products, low-production-volume 
chemicals, contaminants affecting disadvantaged communities, and 
chemicals used primarily in lower-income countries may be underrep
resented (Gant et al., 2026; Kleinstreuer and Hartung, 2024; Luechtefeld 
and Hartung, 2025). Karasaki et al. (2024) evaluated machine-learning 
models predicting drinking-water contaminant violations across Cali
fornia water systems and found that model performance was systemat
ically worse for smaller, under-resourced systems, which 
disproportionately serve low-income and minority communities. Per
formance should therefore be reported by subgroup rather than only as 
an aggregate metric.

9.5. Correlation versus causality

Machine learning can identify highly predictive exposure patterns 
without establishing that the measured chemicals cause the outcome. In 
epidemiological datasets, chemical mixtures may correlate with occu
pation, diet, socioeconomic status, residential location, medical treat
ment, or other unmeasured determinants (Yu et al., 2022; Zhu et al., 
2024). AI cannot resolve unmeasured confounding through algorithmic 
complexity alone, so mechanistic evidence, prospective studies, natural 
experiments, toxicokinetic plausibility, and experimental confirmation 
remain necessary. Large language models also have difficulty weighing 
conflicting causal claims and may produce fluent but insufficiently 
critical syntheses. AI-assisted evidence retrieval and synthesis can help 
compare studies and identify methodological disagreements, but human 
evaluation remains essential, particularly when the evidence is hetero
geneous or politically consequential (Bell et al., 2026; Gant et al., 2026).

9.6. Reproducibility and data governance

AI models can be difficult to reproduce when code is unavailable, 
datasets are proprietary, preprocessing steps are undocumented, 
random initialization is not controlled, software versions change, or 
reporting is incomplete. Generative AI systems introduce additional 
challenges because their outputs can change following model updates 
even when the prompt remains identical (Belfield et al., 2025; Gant 
et al., 2026; Hartung and Kleinstreuer, 2025). FAIR principles (findable, 
accessible, interoperable, and reusable) are particularly important for 
mixture toxicology (Cronin et al., 2026). Chemical identifiers, units, 
assay ontologies, endpoint definitions, and metadata must be stan
dardized so that information can be integrated across databases. Ana
lyses arising from the ECETOC workshop on AI in chemical risk 
assessment concluded that FAIR data are a prerequisite for reliable and 
unbiased AI support, although data quality alone does not replace 
governance and human oversight (Belfield et al., 2025; Gant et al., 2026; 
Mortensen et al., 2025; Zare Jeddi et al., 2023).

9.7. Energy demand and environmental footprint

Large AI models require computational infrastructure, electricity, 
cooling water, and hardware resources (Domingo and Shomar, 2026). 
Although predictive toxicology may reduce animal use and unnecessary 
experimentation, its environmental benefits should not be assumed 
automatically. Model size should be proportionate to the task, and 
smaller interpretable models should be preferred when they perform 
comparably to resource-intensive architectures (Gant et al., 2026; 
Kleinstreuer and Hartung, 2024).
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10. Future research priorities

10.1. Data infrastructure and benchmark datasets

The most urgent requirement is an international, curated mixture- 
toxicity data infrastructure linking standardized chemical identifiers, 
exact composition and ratios, concentration-response data, exposure 
conditions, biological models, endpoints, additive-reference models, 
toxicokinetic information, omics and imaging outputs, and quality- 
control metadata. FAIR principles are necessary but insufficient: data
sets must also be biologically interpretable, versioned, and suitable for 
chemical- and mixture-level external validation (Belfield et al., 2025; 
Gant et al., 2026; Joubert et al., 2022). Benchmark datasets should 
include additive, synergistic, and antagonistic examples, negative find
ings, complete concentration-response curves, replicate experiments, 
and environmentally realistic mixtures. Statistical frameworks devel
oped for the rigorous analysis of combination experiments provide a 
useful model for how such benchmarks might be structured 
(Romero-Becerra et al., 2025).

10.2. Closed-loop experimentation and hybrid models

Active-learning systems could be scaled from single-mixture priori
tization to a continuous experimental design loop. Coupling these sys
tems with high-throughput assays, transcriptomics, Cell Painting, 
organoids, and microphysiological systems would allow informative 
regions of mixture space to be mapped without exhaustive testing. 
Mechanistically constrained hybrid models should combine PBPK or 

pathway structure with machine learning so that mass balance, physi
ology, and causal biological constraints are retained (Hartung and 
Kleinstreuer, 2025; Herman et al., 2023). Both proposals are extrapo
lations from single-chemical work and require experimental demon
stration before they can be considered available methods.

A further priority is to extend closed-loop and hybrid AI–PBPK ap
proaches to explicitly incorporate genomic variation in metabolizing 
enzymes, transporters, and receptors. This would enable direct modeling 
of interindividual differences in internal exposure, instead of consid
ering external dose alone. Such approach could help move the field 
beyond predicting whether a mixture poses a hazard, and toward 
explaining why its effects vary among individuals.

10.3. Foundation models and evidence retrieval

Chemical foundation models may facilitate transfer learning from 
large single-chemical datasets to data-poor mixtures, but their outputs 
require traceable sources, calibrated uncertainty, domain-specific 
benchmarking, and protection against training-data bias (Li et al., 
2026). Retrieval-augmented language models may accelerate litera
ture screening and extraction of chemical identities, doses, ratios, end
points, and interaction classifications, but every extracted claim should 
remain linked to the source passage and be subject to human verification 
(Bell et al., 2026; Gant et al., 2026; Muratov et al., 2020).

11. Proposed framework for AI-assisted mixture risk assessment

A practical framework should preserve established risk-assessment 

Fig. 2. Transition from conventional descriptive mixture assessment to AI-assisted predictive mixture toxicology.

J.L. Domingo et al.                                                                                                                                                                                                                             Toxicology 527 (2026) 154589 

13 



principles and use AI only where it adds demonstrable value (Drakvik 
et al., 2020; Gant et al., 2026; Hartung and Kleinstreuer, 2025; Kienzler 
et al., 2016). The proposed workflow is shown in Fig. 2. First, the de
cision context should be defined explicitly (screening, prioritization, 
hazard identification, quantitative risk characterization, regulatory 
grouping, or surveillance), because validation requirements depend on 
the consequence of the decision. Second, real-world co-exposure should 
be characterized using biomonitoring, environmental monitoring, 
product-composition data, dietary and occupational information, and 
exposure models. Third, an established baseline, such as concentration 
addition, dose addition, independent action, hazard index, relative po
tency factors, or toxic-equivalency factors, should be calculated; AI 
should be evaluated against this baseline, not in isolation. 
Component-level evidence should then be integrated, including struc
tures, physicochemical properties, toxicological endpoints, targets, 
pathways, toxicokinetics, exposure levels, and AOPs. Fourth, the model 
should predict the magnitude and direction of the combined response, 
identify risk-driving components, and quantify uncertainty, while 
treating dose, component ratio, duration, and timing as explicit inputs. 
Finally, AI-guided NAM testing should prioritize the most 
decision-informative mixtures and concentrations, integrating all evi
dence within an IATA. For high-stakes regulatory uses, models require 
independent review, transparent documentation and validation, pro
spective performance monitoring, and fully auditable version control 
linked to the supporting evidence. Fig. 3 shows a complementary pro
posed conceptual framework integrating mixture composition, exposo
mics, genomic and toxicokinetic variation, PBPK modeling, mechanistic 
evidence, and population heterogeneity to guide the development and 
evaluation of AI-assisted mixture risk predictions.

12. Conclusions

Chemical mixtures highlight a critical gap between real-world 
exposure and traditional toxicological assessment. Humans and eco
systems face ever-changing combinations of contaminants, yet most 
hazard evaluations and regulatory frameworks still focus on individual 
substances, and the number of possible combinations makes exhaustive 
experimental testing impractical. By integrating chemical structures, 
molecular targets, toxicokinetic data, high-throughput assays, omics 
profiles, biomonitoring measurements, environmental monitoring, and 
epidemiological evidence, AI may help identify the most harmful com
ponents of mixtures, predict untested combinations, uncover shared 
biological pathways, prioritize experiments, and assess deviations from 
conventional additivity assumptions. No single AI method is likely to 
achieve these objectives alone. Future predictive frameworks will 
probably require complementary integration of several of the ap
proaches summarized in Table 1.

Nevertheless, it is essential to distinguish technical feasibility from 
empirical validation. Established quantitative assessment of multi- 
chemical exposures in human populations still rests mainly on statisti
cal mixture methods from environmental epidemiology. Direct AI ap
plications to characterized mixtures exist but remain few and largely at 
proof-of-concept stage, and a substantial part of the field consists of 
approaches validated for single substances whose mixture use is pro
posed rather than demonstrated. Mixture-specific datasets are scarce, 
interaction terminology lacks consistency, critical factors such as dose 
and timing are often overlooked, external validation is rare, and many 
models function as black boxes with limited interpretability. High ac
curacy in one dataset does not guarantee generalizability, mechanistic 
insight, or causal validity.

Fig. 3. Convergence of exposomics, genomic/toxicokinetic variation, mixture composition, PBPK, and mechanistic evidence within an AI-enabled framework for 
mixture toxicology. The dashed arc denotes the prospective-monitoring, targeted-testing, and model-retraining feedback loop linking predicted mixture risk back to 
model refinement.
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At present, evidence does not support fully autonomous AI-driven 
regulation of complex mixtures. The most practical and defensible role 
for AI is as a decision-support tool that enhances, rather than replaces, 
established toxicological practice, working alongside concentration- 
addition models, PBPK modeling, AOPs, NAMs, human biomonitoring, 
epidemiology, and expert judgment. Realizing the potential of AI will 
depend less on algorithmic innovation than on curated and FAIR 
mixture datasets, explicit representation of dose, ratio and exposure 
sequence, mixture-aware external validation, mechanistic interpret
ability, and transparent governance. If those conditions are met, AI 
could shift the field from descriptive to predictive mixture toxicology, 
enabling proactive identification of hazardous co-exposures, guiding 
targeted experiments, supporting timely regulatory action, and 
improving the assessment and management of real-world chemical risks.
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Pascual, M., Stratakis, N., Robinson, O., Grazuleviciene, R., Slama, R., Alemany, S., 
Basagaña, X., Plantevit, M., Cazabet, R., Maitre, L., 2024. Machine learning-based 
health environmental-clinical risk scores in European children. Commun. Med. 
(Lond. ) 4 (1), 98. https://doi.org/10.1038/s43856-024-00513-y.

Gustavsson, M., Molander, S., Backhaus, T., Kristiansson, E., 2023. Risk assessment of 
chemicals and their mixtures are hindered by scarcity and inconsistencies between 
different environmental exposure limits. Environ. Res. 225, 115372. https://doi.org/ 
10.1016/j.envres.2023.115372.

Hartung, T., Kleinstreuer, N., 2025. Challenges and opportunities for validation of AI- 
based new approach methods. ALTEX 42 (1), 3–21. https://doi.org/10.14573/ 
altex.2412291.
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