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Abstract
The integration of artificial intelligence (AI) into new approach methods (NAMs) for toxicology rep-
resents a paradigm shift in chemical safety assessment. Harnessing AI appropriately has enormous 
potential to streamline validation efforts. This review explores the challenges, opportunities, and 
future directions for validating AI-based NAMs, highlighting their transformative potential while 
acknowledging the complexities involved in their implementation and acceptance. We discuss 
key hurdles such as data quality, model interpretability, and regulatory acceptance, alongside 
opportunities including enhanced predictive power and efficient data integration. The concept 
of e-validation, an AI-powered framework for streamlining NAM validation, is presented as a 
comprehensive strategy to overcome limitations of traditional validation approaches, leveraging 
AI-powered modules for reference chemical selection, study simulation, mechanistic validation, 
and model training and evaluation. We propose robust validation strategies, including tiered 
approaches, performance benchmarking, uncertainty quantification, and cross-validation across 
diverse datasets. The importance of ongoing monitoring and refinement post-implementation is 
emphasized, addressing the dynamic nature of AI models. We consider ethical implications and 
the need for human oversight in AI-driven toxicology and outline the impact of trends in AI devel-
opment, research priorities, and a vision for the integration of AI-based NAMs in toxicological 
practice, calling for collaboration among researchers, regulators, and industry stakeholders. We 
describe the vision of companion AI post-validation agents to keep methods and their validity status 
current. By addressing these challenges and opportunities, the scientific community can harness the 
potential of AI to enhance predictive toxicology while reducing reliance on traditional animal testing 
and increasing human relevance and translational capabilities.

Plain language summary
Scientists are using artificial intelligence (AI) to develop new ways of assessing chemical safety 
that do not rely on animal experiments. These methods can be faster, more accurate, more human-
relevant, and more ethical than traditional approaches. However, before these new methods can 
be widely used, we need to make sure they are reliable and trustworthy. This article discusses the 
challenges in validating AI-based safety testing methods, such as ensuring data quality and making 
AI decisions transparent and understandable, and proposes strategies for thorough validation and 
ongoing monitoring of these AI methods. It also explores opportunities to use AI to simulate experi-
ments, analyze complex biological information, and support validation of diverse NAMs. We 
emphasize the importance of collaboration among researchers, regulators, and industry to develop 
responsible AI use in toxicology. By addressing these challenges, we can harness AI’s power to 
improve chemical safety testing while reducing animal use.
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“The greatest danger for most of us is not that our aim is  

too high and we miss it, but that it is too low and we reach it.” 

Caprese Michelangelo (1475-1564)

“Part of the inhumanity of the computer is that,  

once it is competently programmed and  

working smoothly, it is completely honest.”

Isaac Asimov (1920-1992)
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ods for regulatory decision-making and public health protection1. 

Traditional validation frameworks, designed primarily for con-

ventional toxicology methods, may not fully address the unique 

characteristics and challenges posed by AI-based approaches. 

Validation of in vitro methods often takes 5-10 years, which is 

not compatible with the fast progress of AI-based methods. Ob-

viously, large parts of these lengthy processes are attributable to 

the execution of ring trials, which are less applicable to AI-based 

NAMs, but other elements, like chemical selection, reporting, and 

peer-review, are no different. Issues such as data quality, model 

interpretability, and the dynamic, fast-changing nature of AI al-

gorithms necessitate novel validation strategies tailored to these 

innovative methods.

This article aims to examine the challenges and opportunities 

associated with validating AI-based NAMs in toxicology. We will 

shortly explore the current landscape of AI applications in the 

field, identify key hurdles in the validation process, and propose 

potential strategies for overcoming these obstacles. Our goal is to 

stimulate discussion and collaboration among researchers, regula-

tors, and industry stakeholders to develop robust, flexible valida-

tion frameworks that can accommodate the rapidly evolving field 

of AI-based NAMs and their enormous value proposition. We will 

consider how to ensure the reliability, transparency, and regula-

tory acceptance of these methods while harnessing their potential 

to enhance predictive toxicology. By critically analyzing emerging 

trends, we seek to provide insights into how the toxicology and 

biomedical research communities can adapt validation practices to 

keep pace with technological advancements. Ultimately, this work 

aims to contribute to the responsible development and implemen-

tation of AI-based NAMs, fostering a new era of toxicology that 

enhances our ability to protect human health and the environment 

while reducing reliance on traditional animal testing.

2  Current landscape of AI in toxicology

The integration of AI into toxicology has rapidly expanded in 

recent years, transforming various aspects of chemical safety as-

sessment. For an extended discussion see Hartung (2023a,b) and 

Kleinstreuer and Hartung (2024). AI comes in many flavors, i.e., 

many technical solutions and use areas. The promise of AI in toxi-

cology is summarized in Box 1. A few benefits that are key to toxi-

cology include:

a.	Information retrieval: AI excels in finding open-access informa-

tion when combined with internet search engines. Toxicology 

depends on the comprehensive use of all available information 

on a given substance, and increasingly also on the information 

on similar compounds for (at least semi-automated) read-across 

(Ball et al., 2016, 2020; Hartung, 2016; Shah et al., 2016)

1  Introduction

The field of toxicology is undergoing a profound transformation, 

driven by the convergence of artificial intelligence (AI) and other 

new approach methods (NAMs). AI-based NAMs are revolution-

izing chemical safety assessment by integrating machine learning 

and deep learning algorithms into diverse stages of the toxicologi-

cal evaluation and drug development processes (Hartung, 2023a,b; 

Kleinstreuer and Hartung, 2024). Unlike traditional methods that 

heavily rely on animal testing, these innovative approaches lever-

age the power of AI to analyze vast datasets, predict toxicity espe-

cially by automated read-across to similar compounds (Hartung, 

2016; Shah et al., 2016, 2021; Luechtefeld et al., 2018), and de-

sign more efficient experiments (Fink et al., 2024; Hartung, sub-

mitted). AI technologies are being increasingly applied to analyze 

complex toxicological data, predict chemical/drug hazards, under-

stand disease mechanisms, identify new therapeutic targets, and 

inform risk assessment processes.

Simultaneously, in vitro NAMs have emerged as promising al-

ternatives to traditional animal testing, offering the potential for 

more efficient, cost-effective, and ethically sound approaches to 

evaluating chemical safety, especially with dramatic progress in 

complex in vitro systems known as microphysiological systems 

(MPS) (Marx et al., 2016, 2020, under review; Roth and MPS-

WS Berlin, 2021). The integration of AI with MPS represents a 

new frontier in toxicology, combining the predictive power of al-

gorithms with the translational relevance of human biology-based 

in vitro methods (Smirnova et al., 2018). A pertinent example is 

organoid intelligence (OI) (Smirnova et al., 2023a,b), where AI is 

combined with brain organoids to realize in vitro models of mem-

ory and learning.

AI-based NAMs range from deep learning models trained on 

curated legacy data to novel predictions based on high-throughput 

screening data, to computational systems biology models, to AI-

powered analysis of complex cell culture systems. They hold im-

mense potential to accelerate research, reduce reliance on animal 

models, and provide deeper insights into the biological mecha-

nisms of toxicity. By enabling faster, more comprehensive, and 

potentially more accurate predictions of human health effects,  

AI-based NAMs have the potential to revolutionize how we assess 

chemical safety.

The pace of AI development in the safety sciences overwhelms 

most potential applications, necessitating collective coordina-

tion to accompany and embrace these developments. Isaac Asi-

mov proffered up, decades ago, “The saddest aspect of life right 

now is that science gathers knowledge faster than society gath-

ers wisdom.” Simply put, we need robust, yet rapid, evaluation 

and validation of these new approaches. Validation is essential to 

ensure the reliability, reproducibility, and relevance of new meth-

1 https://ntp.niehs.nih.gov/sites/default/files/2024-03/VWG_Report_27Feb2024_FD_508.pdf 

Abbreviations: ADME, absorption, distribution, metabolism, and excretion; AI, artificial intelligence; AOPs, adverse outcome pathways; LIME, local interpretable  
model-agnostic explanations; LLM, large language model; MPS, microphysiological systems; NAMs, new approach methods; NLP, natural language processing; OI, organoid 
intelligence; QSAR, quantitative structure-activity relationship; RAG, retrieval augmented generation; VR, virtual reality; xAI, explainable AI
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Box 1: Potential benefits of AI-based approaches
1.	 Increased efficiency: AI can rapidly retrieve, process and 

analyze vast amounts of data, significantly reducing the 

time and resources required for toxicity assessments.

2.	 Improved accuracy: By identifying complex patterns 

and relationships in data, AI models can potentially pro-

vide more accurate predictions of toxicity than traditional 

methods.

3.	 Reduced animal testing: AI-based NAMs offer the poten-

tial to reduce reliance on animal testing by providing reli-

able alternatives for many toxicity endpoints.

4.	 Enhanced mechanistic understanding: Advanced AI tech-

niques can help elucidate mechanisms of toxicity by iden-

tifying key molecular pathways and biological processes 

associated with adverse outcomes.

5.	 Better integration of diverse data: AI can synthesize infor-

mation from multiple sources and data types, providing a 

more holistic view of chemical toxicity.

6.	 Personalized risk assessment: AI models can account for 

individual and population variability, enabling more tai-

lored risk assessments.

7.	 Predictive power for novel compounds: AI-based ap-

proaches can potentially predict toxicity for new or untest-

ed chemicals, supporting green chemistry initiatives and 

safer chemical design.

8.	 Continuous learning: Unlike static models, AI systems 

can be designed to continuously learn and improve as new 

data becomes available, ensuring that toxicity assessments 

remain up to date.

The current landscape of AI in toxicology is characterized by rap-

id innovation and expanding applications. As these technologies 

continue to evolve, they promise to enhance our ability to assess 

chemical safety more efficiently, accurately, and ethically. How-

ever, realizing the full potential of AI-based NAMs requires ad-

dressing significant challenges in validation and implementation, 

which are explored here.

3  Vision for integration of AI-based 
NAMs in toxicology practice

Here, we present a vision for a modern toxicology practice where 

AI-based NAMs are fully integrated, enhancing the speed, accu-

racy, and ethical standards of chemical safety assessment. Real-

izing this vision will require continued research, collaboration 

among diverse stakeholders, and adaptive regulatory frameworks. 

b.	Data and image analysis: AI techniques, such as natural lan-

guage processing (NLP) and computer vision, are being used 

to extract and analyze information from diverse data sources. 

These include scientific literature, toxicology reports, curated 

databases, the internet, and high-content imaging data. AI 

models are being applied to analyze and interpret data from 

high-throughput screening assays, enabling rapid toxicity as-

sessment of large chemical libraries. AI-powered data analyses 

can identify patterns and relationships that may not be apparent 

when using traditional methods. Digital pathology is a premier 

example of image analysis supported by AI. Increasingly, AI is 

also employed to make sense of complex datasets such as omics 

(Watson et al., 2022; Toussaint et al., 2024), high-content imag-

ing (van Vliet et al., 2014; Carreras-Puigvert and Spjuth, 2024), 

sensor recordings (Yammouri and Ait Lahcen, 2024) or high-

throughput robotized testing2,3. 

c.	Predictive modeling: AI, particularly machine learning and deep 

learning algorithms, has revolutionized predictive toxicology 

(Mayr et al., 2016; Alves et al., 2018; Mansouri et al., 2021). 

These approaches, particularly quantitative structure-activity 

relationship (QSAR) models enhanced by AI, can analyze com-

plex chemical structures and properties to predict various toxic-

ity endpoints (Patlewicz and Fitzpatrick, 2016; Patlewicz, 2020), 

including acute toxicity4 (Mansouri et al., 2021), drug-induced 

liver injury (Mostafa and Chen, 2024), carcinogenicity (Chung 

et al., 2023), endocrine disruption (Mansouri et al., 2016, 2020), 

and organ-specific toxicities (Gadaleta et al., 2024). AI-based 

models are being used to predict absorption, distribution, metab-

olism, and excretion (ADME) properties of chemicals, crucial 

for understanding their toxicokinetics (Swanson et al., 2024). 

AI has also facilitated the automation of read-across from data-

rich to data-poor compounds (Hartung, 2016; Luechtefeld et 

al., 2018; Rovida et al., 2020; Patlewicz and Shah, 2023). The 

prediction of properties is enabling green toxicology approaches 

(Maertens et al., 2014, 2024a; Crawford et al., 2017; Maertens 

and Hartung, 2018), i.e., for early decisions on safer, more sus-

tainable compound use in product development processes.

d.	Risk assessment and systematic review: AI is already facilitat-

ing these processes by data retrieval. AI-powered NLP tools 

are being developed to automate the extraction and synthesis of 

toxicological information from scientific literature, supporting 

evidence-based toxicology5 (Hartung and Tsaioun, 2024). AI is 

also increasingly being applied to integrate diverse data streams 

for more comprehensive risk assessments. Machine learning 

models can incorporate toxicokinetic and toxicodynamic data, 

exposure information, and population variability to provide 

probabilistic risk estimates (Maertens et al., 2022, 2024b, sub-

mitted; Reinke et al., 2025). This approach potentially allows 

for more nuanced and personalized risk assessments.

2 https://www.restack.io/p/high-throughput-screening-software-innovations-answer-ai-high-throughput-research-cat-ai 
3 https://oxfordglobal.com/discovery-development/resources/ai-driven-high-throughput-screening-for-targeted-drug-discovery 

4 https://publications.jrc.ec.europa.eu/repository/handle/JRC61930 

5 https://www.ebtox.org 
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Via careful development and integration of AI-based NAMs, 

the field will move toward personalized and precision toxicol-

ogy, where AI models incorporate individual genetic profiles, 

physiological data, and other biomarkers to enable truly person-

alized toxicity predictions. This approach will account for human 

variability in chemical responses and susceptibilities, while in-

tegration of genomic and other omics data will allow identifica-

tion of sensitive subpopulations. Personalized risk assessments 

will consider individual exposure patterns, co-morbidities, non-

chemical stressors, and genetic predispositions.

Real-time monitoring and dynamic assessment will be enabled 

through networks of AI-powered sensors that enable continuous 

monitoring of exposures, be they environmental, occupational, or 

lifestyle-related. Real-time prediction of potential health impacts 

will be possible through integration of exposure and effects data, 

with early warning systems detecting emerging chemical risks 

before they impact human health. Adaptive monitoring systems 

will adjust based on changing exposure patterns and new hazard 

information.

Virtual testing and simulation will see dramatic advances as AI 

simulations reduce reliance on animal and human testing. Virtual 

clinical trials will predict safety and efficacy by integrating mul-

tiple data streams, while in silico experiments will allow rapid 

screening of new drugs, chemicals, and formulations. AI models 

Most importantly, this transition will require building trust, i.e., 

validation of each component. As AI technologies continue to 

evolve, the field of toxicology must remain agile, embracing new 

opportunities while rigorously validating new approaches to en-

sure their reliability and relevance for protecting human health 

and the environment. 

The future of toxicology has the potential to be transformed by 

the comprehensive integration of AI-based NAMs across multiple 

dimensions of practice and research (Fig. 1). In risk assessment 

and safety evaluation, AI will first serve the retrieval and synthe-

sis of existing information. Second, AI-based NAMs will become 

fundamental components of tiered testing strategies, offering rapid 

initial hazard predictions that guide subsequent testing decisions. 

This integration will streamline risk assessment while maintaining 

scientific rigor and reliability. The combination of multiple NAMs 

in intelligent testing strategies6 will provide comprehensive safety 

evaluations, while automated systems will help prioritize chemi-

cals for further testing based on preliminary AI predictions. Third, 

by automatizing read-across to become more comprehensive, us-

ing all information available on all similar chemicals (i.e., not just 

one or a few focusing on a single property), and combining it with 

the totality of information retrieved on the substance of interest 

itself, read-across will become a true objective and quantitative 

weight-of-evidence approach (Linkov et al., 2015).

Fig. 1: Integration of 

AI in toxicological 

practice

A vision of the various 

contributions of AI 

to safety sciences. 

Created with Napkin.ai.

6 https://commonfund.nih.gov/complementarie 
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4  Addressing ethical and regulatory 
challenges in AI-driven toxicology

From the beginning, validation should have the post-validation 

process and application in mind (Bottini et al., 2008), i.e., the reg-

ulatory context-of-use and societal needs for the method in ques-

tion, and it must adhere to ethical standards as a part of confidence 

building (Hartung, 2024). In particular, animal replacement in 

toxicology with AI-based NAMs implies specific ethical consid-

erations (Bhuller et al., 2024).

4.1  Ethical alignment 
AI models align with the ethical imperative to minimize animal 

use in research while improving human health protection. As men-

tioned previously, AI models are constrained by the data used to 

train them and the inherent biases therein. This, and other factors, 

makes ethical considerations paramount when developing models 

for potential regulatory use and translation to human health and 

environmental protection. Such fundamental transition requires 

a careful ethical debate. Ethical considerations must be front and 

center in the development and deployment of AI-based NAMs in 

toxicology. Several key aspects require careful attention:

a)	 Bias mitigation: AI models are susceptible to inheriting biases 

present in the data they are trained on. If the training data con-

tains existing biases, the resulting models may perpetuate these 

biases, leading to inaccurate or unfair predictions. For instance, 

if historical toxicity data primarily consists of studies conduct-

ed on a particular demographic, an AI model trained on this 

data might not accurately predict risks for other demographics. 

This is particularly critical in toxicology, where accurate risk 

assessment across diverse populations is crucial. It is recom-

mended to use curated, representative, and unbiased datasets 

for AI model training, ensuring that they reflect the diversity of 

the population the model will be used to assess.

b)	 Transparency: The “black box” nature of complex AI models, 

particularly deep learning models, represents a significant ob-

stacle to their wider acceptance and implementation. Since the 

inner workings of these models are not easily interpretable, it 

can be challenging to understand how they arrive at their pre-

dictions. This lack of transparency can lead to distrust, espe-

cially in high-stakes domains like chemical risk assessment 

where understanding the reasoning behind a prediction is cru-

cial for decision-making. We and others advocate for develop-

ing and utilizing explainable AI (xAI) techniques that make 

these models more transparent. xAI methods aim to provide 

insights into the decision-making process of AI models, mak-

ing their predictions more understandable and trustworthy. For 

instance, visualizing hidden layer activations or using perturba-

tion-based approaches can help understand which features are 

driving a particular prediction.

c)	 Balancing innovation and caution: There is an ethical impera-

tive to advance methods that could reduce animal testing and 

will simulate complex biological responses across different ex-

posure scenarios to maximize information retrieval from targeted 

testing approaches.

Knowledge integration and synthesis will be revolutionized as 

AI systems continuously analyze scientific literature and data to 

provide current evidence summaries. Automated extraction of 

mechanistic insights will inform risk assessments and regulatory 

decisions, while integration of historical data with new findings 

will build comprehensive understanding. Machine learning will 

identify patterns and relationships across diverse data types. Pre-

dictive toxicogenomics and systems biology approaches will en-

able prediction of toxicity pathways and mechanistic understand-

ing of long-term effects through multi-omics data integration. AI 

models will map chemical-induced changes across molecular, cel-

lular and tissue levels, while early molecular markers will predict 

adverse outcomes on acute and chronic timescales. 

Digital biology and virtual systems will emerge through AI-

powered digital twins, providing sophisticated biological mod-

els. Multi-scale integration will connect molecular to organismal 

responses, while virtual tissue and organ models predict local-

ized toxicity. System-level simulations will capture complex bio-

logical interactions. These digital twins will enable virtual clini-

cal trials as well as population models of toxic exposure via a 

comprehensive, experimentally, and computationally supported 

human exposome7 (Hartung, 2023; Sillé et al., 2020, 2024).

A global data infrastructure will be established through a 

shared, AI-curated toxicology database supporting model devel-

opment worldwide. Standardized data formats will enable seam-

less information exchange via cloud-based platforms facilitating 

international collaboration. Continuous updates will incorporate 

new findings and improve predictions. Green chemistry and safer 

design principles will be advanced as AI guides the development 

of safer, more sustainable chemicals and products from initial de-

velopment stages (Maertens and Hartung, 2018; Maertens et al., 

2024). Predictive models will identify potential toxicity issues 

before synthesis, while structure-activity relationships inform ra-

tional molecular design. 

Regulatory harmonization will be achieved through global ac-

ceptance of validated AI approaches, enabling consistent safety 

standards. International frameworks will guide AI validation and 

implementation, while harmonized regulations streamline product 

development and approval. Shared standards will facilitate trade 

while protecting public health.

This vision (Fig. 1) represents a fundamental transformation  

requiring sustained research investment such as the just started 

ARPA-H Catalyst program8, close collaboration among stake-

holders, adaptive regulatory frameworks, commitment to scien-

tific rigor, focus on human health protection, and balance between 

innovation and validation. The field must be agile in adopting 

emerging AI capabilities while ensuring thorough validation of 

new approaches. This transformation promises more efficient, ac-

curate, and ethical chemical safety assessment. 

7 Hartung, T., Navas-Acien, A. and Chiu, W. A. (2023). Future Directions Workshop: Advancing the Next Scientific Revolution in Toxicology. Available at:  
https://basicresearch.defense.gov/Portals/61/Documents/future-directions/ 

8 https://arpa-h.gov/research-and-funding/programs/catalyst 
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producible results. There is a need for standardized validation 

protocols and transparent reporting of validation studies. Ad-

ditionally, since AI models often provide probabilistic outputs, 

it is important to quantify and communicate the uncertainties 

associated with these predictions. This helps regulators under-

stand the limitations of AI-based predictions and incorporate 

those uncertainties into their risk assessment processes.

e)	 International harmonization: As AI-based NAMs gain traction 

globally, international harmonization of regulatory guidelines 

and standards will be crucial for facilitating the wider adoption 

of these new approaches. Collaborative efforts among regula-

tory agencies, researchers, and industry stakeholders will be 

essential for developing globally applicable standards that pro-

mote innovation while ensuring the safety of human health and 

the environment.

By proactively addressing both ethical and regulatory challenges, 

the field of toxicology can harness the transformative potential of 

AI-based NAMs to create a more efficient, human-relevant, and 

ethical approach to chemical safety assessment. This paradigm 

shift requires a collaborative effort, bringing together experts from 

AI, toxicology, risk assessment, and regulatory science to develop 

and implement AI-driven solutions that benefit both scientific pro-

gress and public health.

5  Unique challenges in validating AI-based NAMs

While AI-based NAMs offer tremendous potential in toxicology, 

their validation presents unique challenges that must be addressed 

to ensure their reliability and reproducibility and create a path to-

wards regulatory acceptance. We must not be blinded by the prom-

ise, and it is essential to subject this new type of model to thor-

ough validation. “Skepticism is always a good first response” said 

Charles Wheelan in his book Naked Statistics: Stripping the Dread 

from the Data. This section explores the key hurdles in validating 

AI-based NAMs.

5.1  Data reliance and quality issues
AI makes big sense with big computers from big data. Simply 

said, the data need to be many and diverse to allow AI to do its 

job. Most importantly, the answer needs to be in the data, meaning 

that the better the data, the more easily obtained and the more reli-

able the results. Or as Roger Brinner pointedly said, “The plural of 

anecdote is not data.”

a)	 Data integrity and bias: AI models are fundamentally limited 

by the quality and representativeness of their training data. En-

suring the accuracy, completeness, and unbiased nature of toxi-

cological datasets is crucial but challenging, especially when 

dealing with historical data or diverse sources.

b)	 Data gaps and standardization: Many chemicals lack compre-

hensive, well-annotated toxicity data, which can limit the ap-

plicability domain of AI models. Inconsistencies in data report-

ing formats, units, and experimental protocols across different 

sources further complicate data integration and model develop-

ment.

improve human health protection, but this must be balanced 

against the need for caution in implementing new, potentially 

less understood methods.

d)	 Equity and access: Ensuring that the benefits of AI-based 

NAMs are equitably distributed and accessible to researchers 

and regulators globally, not just in well-resourced institutions, 

is an important ethical consideration.

e)	 Human oversight: While AI can automate many tasks, human 

oversight remains critical in AI-driven toxicology. AI systems 

should be designed to augment human capabilities, not to re-

place human judgment and expertise. Toxicologists and risk as-

sessors need to be able to critically evaluate AI predictions, un-

derstand their limitations, and make informed decisions based 

on the available evidence. The goal is to leverage AI as a pow-

erful tool that enhances human decision-making in toxicology, 

not to create autonomous systems that operate without human 

intervention. We advocate for designing AI systems that foster 

human-AI collaboration, ensuring that toxicologists maintain 

control over the assessment process while benefiting from AI’s 

analytical power.

4.2  Regulatory engagement 
Facilitating the acceptance and integration of AI-based NAMs in-

to existing regulatory frameworks is essential for their widespread 

adoption. Strategies for proactive communication and collabora-

tion with regulatory bodies include:

a)	 Early and continuous engagement: Regulatory agencies should 

be engaged early in the development process of AI-based 

NAMs. This allows for ongoing dialogue, ensuring that the 

development of these new approaches aligns with regulatory 

needs and expectations. Early engagement can help identify 

potential regulatory hurdles and facilitate the incorporation of 

AI-based data into existing risk assessment frameworks.

b)	 Defining context of use: Understanding the regulatory appli-

cation and associated decision frameworks supports tailored, 

effective, efficient validation strategies. Many contexts of use 

also support immediate reduction and replacement of animal 

tests, e.g., predictive screening (utilizing AI models trained 

on existing toxicity data to screen new chemicals for potential 

toxicity, reducing the need for extensive animal studies) and 

testing prioritization (using AI-based predictions to prioritize 

potentially harmful chemicals for further testing with more 

human-relevant methods).

c)	 Focus on mechanistic understanding: Regulatory acceptance is 

more likely if AI-based NAMs can provide a clear understand-

ing of the biological mechanisms underlying toxicity, rather 

than simply relying on statistical correlations. By elucidating 

the pathways and molecular events disrupted by chemical ex-

posure, researchers can build stronger arguments for the rel-

evance and reliability of these new methods, aka mechanistic 

validation (Hartung et al., 2013b). Demonstrating the mecha-

nistic basis for AI predictions can increase confidence in their 

use for regulatory decision-making.

d)	 Robust uncertainty quantification: Regulatory bodies need to 

be confident that AI-based NAMs provide accurate and re-
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e)	 Inter-laboratory studies: Conducting “ring trials” and sharing 

data and code openly can help address reproducibility chal-

lenges and improve the robustness of AI-based NAMs.

5.4  Regulatory acceptance hurdles
While AI-based NAMs have many opportunities for non-regulato-

ry uses in green toxicology (see above) and investigative toxicol-

ogy (Beilmann et al., 2019), i.e., risk anticipation and de-risking 

of findings in animal studies in drug development, several regula-

tory-specific considerations need to be addressed to progress their 

development and application in environmental and public health 

protection.

a)	 Regulatory framework gaps: Current regulatory frameworks 

may not be adequately equipped to evaluate and accept AI-

based NAMs, necessitating updates to guidelines and policies 

(von Aulock et al., 2022).

b)	 Validation criteria: Establishing appropriate validation criteria 

for AI-based NAMs that satisfy regulatory requirements while 

acknowledging their unique characteristics is an ongoing chal-

lenge.

c)	 Integration with existing methods: Determining how AI-based 

NAMs can complement or replace traditional toxicity testing 

methods in regulatory contexts requires careful consideration. 

This cannot be done without integration with actual data-gen-

erating approaches, e.g., via a formal integrated testing strat-

egy (Hartung et al., 2013a; Rovida et al., 2015; Caloni et al., 

2022) but also a step-wise approach integrating new informa-

tion. Ideally, AI can map data needs and provide an informa-

tion economics analysis (Maertens et al., 2022), which sug-

gests the most efficient way forward to reduce uncertainty or 

to abandon this process when a change in assessment is very 

unlikely.

d)	 Proactive communication: The importance of proactive com-

munication and collaboration between developers of AI-based 

NAMs and regulatory bodies is crucial for facilitating accept-

ance. Methods undergoing rapid evolution with possible im-

pact on earlier results will need an alert mechanism to inform 

the regulated community.

Addressing these unique challenges in validating AI-based NAMs 

requires a collaborative effort from toxicologists, data scientists, 

regulators, and ethicists. Overcoming these hurdles is crucial for 

realizing the full potential of AI in advancing toxicology while 

ensuring the reliability, transparency, and ethical application of 

these innovative methods. The next section will explore potential 

strategies and opportunities for addressing these challenges.

6  Opportunities for advancing 
validation of AI-based NAMs

Despite the challenges in validating AI-based NAMs, there are nu-

merous opportunities to advance and improve the validation pro-

cess. This section explores key areas that offer promising avenues 

for enhancing the reliability, transparency, and regulatory accept-

ance of AI-based NAMs in toxicology.

c)	 Quality control: Implementing rigorous quality control meas-

ures and thorough data curation processes is essential to ensure 

the reliability of AI-based NAMs. However, this curation is 

not exclusively done by humans upfront but also can be part of 

the machine-learning process itself. This includes addressing 

potential biases in data collection and using standardized data 

formats wherever possible.

5.2  Model interpretability and transparency 
(the “black box” problem)
For regulatory purposes, the common lack of explainability of AI 

models is a major hurdle. Even the ability to trace a result back 

to the enormous number of data points used to derive it is often 

uninterpretable without a clear explanation of the complex asso-

ciations within the decision processes and is not provided by most 

models.

a)	 Explainability challenge: Many advanced AI models, particu-

larly deep learning networks, operate as “black boxes,” mak-

ing it difficult to understand how they arrive at their predic-

tions. This lack of interpretability can be a significant barrier 

to regulatory acceptance and trust. Developing and implement-

ing explainable AI (xAI) methods (Ali et al., 2023) to make 

the decision-making process of AI models more transparent 

and understandable to humans is critical for building trust and 

meeting regulatory requirements (Tong and Baran, 2024).

b)	 Feature importance: Identifying which chemical or biological 

features contribute most to a model’s predictions is crucial for 

mechanistic understanding but can be challenging with com-

plex AI models.

c)	 Uncertainty quantification: Communicating the uncertainty as-

sociated with AI model predictions in a meaningful way to end-

users and regulators remains an ongoing challenge.

5.3  Reproducibility and generalizability
Very different to other computer-based methods, AI does not nec-

essarily deliver the exact same result for the same input every 

time, particularly when dealing with stochastic and/or probabil-

istic models. The same prompt in a large language model (LLM) 

can give divergent responses, even more so in different versions of 

the same LLM or different LLMs. Notably, depending on the type 

of machine learning approach utilized, this problem has varying 

implications.

a)	 Computational environment: Ensuring reproducibility of AI 

model results across different computational environments, 

software versions, and laboratories is difficult but essential.

b)	 Model versioning: As AI models are often continuously up-

dated with new data, maintaining version control and ensuring 

comparability between different versions is challenging.

c)	 Standardized protocols: Developing standardized protocols for 

AI-based NAMs, including data processing steps (see Blum et 

al., 2025, this issue) and model implementation, is crucial for 

improving reproducibility.

d)	 Generalizability: Ensuring that AI models maintain their accu-

racy when applied to new chemicals or contexts beyond their 

training data is vital for their broader applicability and reliability.
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b)	 Adaptive validation protocols: Creating flexible validation pro-

tocols that can adapt to the evolving nature of AI models and 

incorporate continuous learning and improvement.

c)	 Cross-validation techniques: Implementing advanced cross-

validation methods specifically designed for AI models to assess 

their generalizability and robustness across different datasets 

and domains. Especially the scaling of the number of substances 

used for cross-validation, often tens of thousands or more (e.g., 

in Luechtefeld et al. (2018), 190,000 chemicals with classifica-

tions were used), boosts the relevance of the validation exercise.

d)	 Uncertainty quantification frameworks: Developing standard-

ized approaches for quantifying and reporting uncertainties in 

AI model predictions, enhancing transparency and reliability.

6.4  Explainable AI techniques
Explainability is not only desirable, if not mandatory, for the regu-

latory use of AI, it is clearly fundamental for the validation process 

itself. Substantial progress has been made with respect to xAI:

a)	 Model-agnostic interpretation methods: Advancing techniques 

like SHAP (Shapley additive explanations)10 values and LIME 

(local interpretable model-agnostic explanations)11 to provide 

insights into AI model decision-making processes.

b)	 Retrieval augmented generation (RAG)12: Information is re-

trieved from authoritative knowledge sources and databases to 

optimize the outputs of LLMs and to more easily identify what 

was used by the LLM. 

c)	 Attention mechanisms: Implementing attention-based archi-

tectures in deep learning models (Niu et al., 2021) to highlight 

which input features are most influential in making predictions.

d)	 Rule extraction: Developing methods to extract interpretable 

rules from complex AI models13 (Hailesilassie, 2016), bridging 

the gap between black-box models and human-understandable 

decision processes.

e)	 Visual analytics: Creating interactive visualization tools that 

allow users to explore and understand AI model behavior and 

predictions intuitively.

6.5  Collaborative data sharing initiatives
Data sharing is needed to enable unbiased (balanced) big data. 

Models based on the most comprehensive, ideally curated, data-

bases are more trustworthy than those from small databases with 

unavoidable gaps and higher likelihood of biases.

a)	 Open data repositories: Establishing centralized, open-access 

repositories for toxicological data that can be used for training 

and validating AI-based NAMs.

b)	 Data standardization efforts: Promoting the use of standard-

ized data formats and ontologies to facilitate data sharing and 

integration across different research groups and institutions. 

Most importantly, this needs to be extended to the meta-data, 

i.e., the information on how the data were generated.

6.1  Leveraging big data and cloud computing
Big data as the foundation of AI represents challenge and opportu-

nity for validation. Technologies like cloud computing enable data 

sharing and handling. In addition, blockchain technologies9 can 

guarantee data authenticity.

a)	 Enhanced data integration: Big data technologies enable the 

integration of diverse data types (genomics, proteomics, me-

tabolomics, etc.) and sources (in vitro, in vivo, clinical) to cre-

ate more comprehensive and robust datasets of increasing size 

and complexity for AI model training and validation.

b)	 Scalable computing resources: Cloud computing platforms 

provide scalable infrastructure for handling large-scale data 

processing and complex AI model training, making it feasible 

to validate AI-based NAMs using vast amounts of toxicologi-

cal data.

c)	 Real-time model updates: Cloud-based systems allow for con-

tinuous model updates as new data become available, enabling 

AI-based NAMs to evolve and improve over time while creat-

ing a need for maintaining version control.

d)	 Collaborative platforms: Cloud-based collaborative platforms, 

federated approaches, and advances in encryption technologies 

can facilitate multi-institutional validation efforts, allowing re-

searchers from different organizations to work on shared data-

sets and models.

6.2  Accelerated assessments
Fast developing technologies need fast assessments. Again, as 

much as this feature of AI represents a challenge to the valida-

tion process, it also represents opportunity as discussed in general 

(Hartung et al., 2024b) and below for e-validation of AI-based 

NAMs.

a)	 Automated data extraction: AI, particularly NLP, can automate 

the extraction and interpretation of relevant information from 

research papers and reports, significantly reducing the time and 

effort required for manual data curation.

b)	 High-throughput screening analysis: AI can rapidly analyze 

large datasets generated by high-throughput screening assays, 

enabling faster identification of potential toxic effects.

c)	 Streamlined workflow: By automating time-consuming tasks, 

AI frees up toxicologists to focus on higher-level analyses and 

decision-making, accelerating the overall validation process.

6.3  Novel validation frameworks tailored for AI methods
A number of concepts of next generation validation for next gen-

eration risk assessment (Hartung, 2024) are particularly suited for 

AI-based NAMs:

a)	 Performance-based validation: Developing validation frame-

works that focus on the performance and predictive capability 

of AI models rather than their internal workings, which may be 

less interpretable in complex AI systems.

9 https://aws.amazon.com/what-is/blockchain/?aws-products-all.sort-by=item.additionalFields.productNameLowercase&aws-products-all.sort-order=asc 
10 https://shap.readthedocs.io/en/latest/example_notebooks/overviews/An%20introduction%20to%20explainable%20AI%20with%20Shapley%20values.html 
11 https://c3.ai/glossary/data-science/lime-local-interpretable-model-agnostic-explanations/ 

12 https://blogs.nvidia.com/blog/what-is-retrieval-augmented-generation/ 
13 https://medium.com/@zhonghong9998/explainable-ai-bridging-the-gap-between-black-boxes-and-human-understanding-6d88fb22e769 
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6.7  Revolutionizing training
The integration of AI is transforming training approaches in toxi-

cology through several innovative mechanisms. AI-enhanced 

training modules are being implemented that use adaptive learning 

algorithms to tailor content and pace to individual needs, ensuring 

more effective and personalized learning experiences. This per-

sonalized approach is complemented by the creation of interactive 

and immersive learning environments that utilize virtual reality 

(VR) simulations, providing hands-on training opportunities for 

complex NAM procedures.

The training revolution extends beyond initial instruction to in-

clude continuous competency assessment, with AI systems being 

employed for ongoing evaluation and refinement of skills among 

both researchers and regulators in implementing and evaluating 

AI-based NAMs. This continuous assessment approach ensures 

that expertise remains current and evolves alongside advancing 

technologies and methodologies.

7  Adapting the in vitro validation approach  
for AI-based methods

We have recently suggested a concept of next generation valida-

tion for next generation risk assessment (Hartung, 2024). This 

concept tailors the validation process to the nature of the NAMs, 

i.e., focusing on mechanistic validation through emphasis on bio-

markers in case of complex in vitro models (MPS) (Hartung et al., 

2024a). We also explored the extent to which AI lends itself to 

improving the validation process of such models (Hartung et al., 

2024b). Here, we address how the specific needs of a validation 

process accommodating AI-based NAMs can be met.

7.1  Shifting from direct comparison to existing  
reference standards
Traditional validation approaches primarily rely on comparing 

new methods directly with animal test data; this approach is par-

ticularly problematic for AI-based methods because:

a)	 AI models may not directly replicate animal data but offer dif-

ferent valuable insights: AI, unlike a cellular model mimicking 

a specific organ, can integrate vast datasets and identify com-

plex patterns that might not be apparent from traditional animal 

studies. Therefore, evaluating AI-based methods solely on their 

ability to reproduce animal results might overlook their unique 

capabilities.

b)	 Over-reliance on animal data hinders innovation: The overem-

phasis on concordance with animal data can stifle the devel-

opment of truly novel and transformative AI-based methods. 

Rather, current guidance is shifting towards a “fit-for-purpose” 

validation approach1. Instead of seeking exact replication of 

animal data, the focus should be on:

c)	 Federated learning: Implementing federated learning ap-

proaches that allow AI models to be trained on distributed 

datasets without centralizing sensitive data, addressing privacy 

concerns, and enabling broader collaboration.

d)	 Precompetitive collaborations: Encouraging precompetitive 

collaborations such as eTOX14 and eTRANSAFE15 among 

pharmaceutical companies, academic institutions, and regu-

latory agencies (e.g., the data access and data harmonization 

of toxicological dossiers between EU agencies initiated by a 

working group of the European Parliament and CAAT’s EU 

policy program, von Aulock et al., 2022) to pool resources and 

data for AI model development and validation on endpoints 

that are of high value across the scientific community.

6.6  Integration with adverse outcome pathways (AOPs)
AOPs represent a movement towards elucidating and deploying 

the mechanistic basis of toxicological effects, impacting increas-

ingly on both industrial chemical safety and drug development 

(Hartung, 2017). The efforts to standardize, share, and quality-

control (Leist et al., 2017; Blum et al., 2025) further enhance this 

and increase trustworthiness of methods based on AOP. Deep 

learning models, particularly deep neural networks, are being lev-

eraged to learn complex relationships between chemical structures 

and their toxic effects. This is complemented by the use of AI, es-

pecially LLM, to analyze data from multiple sources and gener-

ate knowledge graph networks that lead to hypotheses about how 

chemicals interact with biological systems.

Hybrid approaches that combine data-driven AI models with 

knowledge-based AOP frameworks are being developed to en-

hance both predictive power and interpretability. These approach-

es benefit from the strengths of both systematic biological knowl-

edge and advanced computational capabilities. AI is also being 

used to develop quantitative AOPs, which can then be used to 

validate and refine AI-based toxicity prediction models, creating 

more robust and mechanistically sound prediction systems. Using 

AI, especially LLMs, to analyze data from multiple sources and 

generate knowledge graph networks will lead to hypotheses about 

how chemicals interact with biological systems, e.g., as pathway 

analyses.

Additionally, AI techniques can be employed to analyze large-

scale toxicological data and potentially discover new AOPs or 

refine existing ones (van Ertvelde et al., 2023). This creates a 

valuable feedback loop between AI-based NAMs and AOP devel-

opment, where each approach informs and strengthens the other 

(Corradi et al., 2024; Verhoeven et al., 2024). As new patterns and 

relationships are discovered through AI analysis, our understand-

ing of toxicological pathways continues to expand and evolve. 

Developing more targeted and effective interventions based on 

AI-derived mechanistic insights will lead to safer products and a 

deeper understanding of human health.

14 https://www.ihi.europa.eu/projects-results/project-factsheets/etox 
15 https://www.ihi.europa.eu/projects-results/project-factsheets/etransafe 
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7.4  Adapting to the iterative and continuous nature  
of AI development
Traditional validation often follows a linear, step-wise approach16. 

AI models, however, are constantly evolving as they are exposed 

to new data and are refined. The validation process for AI-based 

NAMs needs to accommodate this iterative nature by dynamic and 

continuous validation.

7.5  Addressing data-specific challenges
AI models are heavily reliant on the quality and representativeness 

of the data they are trained on. Validation must consider data bias 

and quality and data transparency and traceability, as discussed 

above.

8  E-validation: A potential solution

E-validation is the vision of an AI-powered framework for stream-

lining NAM validation, both for AI-based NAMs and more “tradi-

tional” experimental NAMs (Hartung et al., 2024b). E-validation 

is presented as a groundbreaking solution to overcome some of 

the challenges of validating NAMs in toxicology. This AI-driven 

framework aims to optimize and significantly accelerate the NAM 

validation process, paving the way for faster integration of human-

relevant methods into safety assessments. E-validation proposes 

a five-pronged approach, integrating distinct AI/machine learning 

modules to streamline and enhance the validation process:

a)	 Smart selection of reference chemicals: This component uti-

lizes AI, specifically advanced clustering algorithms, to iden-

tify the most informative chemicals for testing NAMs. Unlike 

traditional selection methods that may introduce bias, this 

approach prioritizes diversity in chemical structures and toxi-

cological mechanisms, ensuring a comprehensive evaluation 

of the NAM. Such pipelines (e.g., Moreira-Filho et al., 2023) 

highlight the ability of AI to consider various chemical proper-

ties and even incorporate toxicological modes of action into the 

selection process.

b)	 Simulating validation studies: E-validation leverages the power 

of simulation to predict potential study outcomes before con-

ducting resource-intensive physical experiments. By creating 

virtual models of validation studies, researchers can explore 

various experimental designs, optimize parameters like chemi-

cal doses and time points, and identify potential bottlenecks 

early on. This not only conserves resources but also enhances 

the efficiency and potential success of the actual validation 

studies.

c)	 Mechanistic validation: This component emphasizes moving 

beyond mere correlations between NAM results and those from 

traditional methods. It aims to establish a deep understanding 

of the biological relevance of NAMs by elucidating the mech-

anisms of action underlying toxicity1. AI, particularly LLMs 

trained on extensive scientific literature, play a key role in this 

process. By analyzing vast datasets and identifying patterns, 

–	 Clearly defining the intended use of the AI model: This in-

cludes specifying the types of toxicity endpoints it aims 

to predict, the chemical classes it covers, and the specific 

regulatory or research questions it intends to address.

–	 Establishing performance standards: These standards 

should be context-specific, outlining the desired levels of 

accuracy, sensitivity, specificity, and other relevant metrics 

for the AI model’s intended use. The emphasis should be 

on demonstrating that the AI model meets human-relevant 

performance benchmarks, rather than just matching animal 

results.

7.2  Embracing mechanistic validation and  
human relevance
Validation should go beyond simply comparing outputs: Un-

derstanding the biological mechanisms underpinning both the 

AI model’s predictions and the toxicological effects being as-

sessed is crucial. This can be achieved through integrating with 

AOPs, i.e., structured frameworks to represent the sequence of 

events leading to toxicity. Mechanistic validation (Hartung et 

al., 2013b), i.e., demonstrating that relevant mechanisms are 

picked up by a method, integrates pathways such as AOPs with 

validation. This involves aligning AI model predictions with sci-

entific knowledge (e.g., established AOPs) to provide mechanis-

tic context and biological plausibility to the validation process 

(Tollefsen et al., 2014). AOPs can also be leveraged to guide the 

selection of relevant features and endpoints for AI model devel-

opment and validation, ensuring the models capture biologically 

meaningful parameters. 

7.3  Incorporating biomarkers of human toxicity
Incorporating biomarkers of human toxicity presents a promising 

approach to enhancing the validation and relevance of AI-based 

NAMs in toxicology (Hartung et al., 2024a). Biomarkers have 

the potential to bridge the critical gap between cellular models, 

AI predictions, and actual human responses, providing a valu-

able link to real-world outcomes. By comparing predicted effects 

on biomarker activity with actual changes observed in human 

studies or other relevant data sources, researchers can assess the 

performance and accuracy of AI models in a more physiologi-

cally relevant context. Integrating biomarker data directly into 

AI models can significantly improve their accuracy and human 

relevance, allowing for predictions that are more closely aligned 

with biological responses in humans. Furthermore, biomarkers 

offer valuable insights into the mechanisms underlying AI pre-

dictions, making the validation process more robust and informa-

tive. This mechanistic understanding not only enhances the in-

terpretability of AI model outputs but also increases confidence 

in their predictions. By leveraging biomarkers in this way, the 

validation of AI-based NAMs becomes more comprehensive and 

biologically grounded, potentially accelerating their acceptance 

and implementation in regulatory toxicology and risk assessment 

frameworks.

16 https://www.oecd.org/en/publications/guidance-document-on-the-validation-and-international-acceptance-of-new-or-updated-test-methods-for-hazard-assessment_
e1f1244b-en.html 

https://www.oecd.org/en/publications/guidance-document-on-the-validation-and-international-acceptance-of-new-or-updated-test-methods-for-hazard-assessment_e1f1244b-en.html
https://www.oecd.org/en/publications/guidance-document-on-the-validation-and-international-acceptance-of-new-or-updated-test-methods-for-hazard-assessment_e1f1244b-en.html
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(VR) simulations could provide trainees with realistic, hands-

on experience with complex laboratory procedures.

e)	 Centralized dashboard interface: To seamlessly integrate all 

modules and streamline workflows, e-validation proposes a 

centralized dashboard interface. This AI-powered platform 

could serve as a central hub for researchers, providing real-time 

visualization of study progress, automated data quality checks, 

and intelligent decision support based on ongoing analyses. 

This centralized system would enhance collaboration, mini-

mize errors, and accelerate the overall timeline of validation 

studies, ultimately facilitating the faster adoption of new ap-

proach methods.

AI can uncover complex biological pathways and molecular 

events, providing an evidence-based approach to biological rel-

evance and further enhancing our understanding of how chemi-

cals impact human health.

d)	 AI-enhanced training module: Recognizing the need for wide-

spread adoption of NAMs, e-validation proposes an AI-pow-

ered training module to educate researchers and regulators on 

these innovative methods. This component aims to create per-

sonalized and adaptive learning experiences that cater to indi-

vidual learning styles and knowledge gaps, ensuring consistent 

and accurate implementation of NAMs across different set-

tings. Incorporating immersive technologies like virtual reality 

Fig. 2: How e-validation concepts can be adapted for AI-based NAMs

The basic ideas of e-validation (Hartung et al., 2024b) apply across both AI-based and experimental NAMs. They comprise: smart selection of 

reference chemicals (identify the most informative and diverse set of reference chemicals) to ensure comprehensive coverage of chemical space 

and toxicological mechanisms; simulating validation studies (this could involve: (a) predicting potential outcomes of validation experiments, (b) 

optimizing experimental designs and parameters, (c) identifying potential bottlenecks or issues in the validation process); mechanistic validation 

(analyze scientific literature and databases to establish mechanistic links between predicted toxicological effects and known biological pathways 
for biological plausibility); AI-enhanced training module (AI-powered training systems for researchers and regulators on the proper use and 
interpretation of NAMs to personalize learning experiences and provide real-time feedback on the application of these methods), and centralized 

dashboard interface (AI-driven dashboard that integrates (a) real-time monitoring of validation progress, (b) automated data quality checks, (c) 

performance metrics visualization, and (d) uncertainty quantification displays. New elements for AI-based NAMs (in blue) include continuous 

performance monitoring (continuously monitor the performance of validated AI-based NAMs as new data becomes available to ensure ongoing 
relevance and reliability of the methods); cross-validation and meta-analysis (extensive cross-validation of AI-based NAMs across different 

datasets and to conduct meta-analyses of multiple validation studies, providing a more comprehensive assessment); and adaptive validation 

protocols (dynamically adjust validation protocols based on ongoing results to ensure that the validation process remains relevant and efficient 
as the AI-based NAM evolves with uncertainty quantification enhancing the interpretability and reliability). Created with Napkin.ai.
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This approach leverages the strengths of AI not just in the NAMs 

themselves, but also in the validation procedures, potentially accel-

erating the development and regulatory acceptance of these innova-

tive methods in toxicology.

9  Future developments for AI model validation

There are many trends in AI development that could impact vali-

dation (Tab. 1). Likely the most impactful is that humankind is 

not providing enough labeled data for AI to grow to its poten-

tial, both in terms of volume and velocity. Data that are labeled, 

machine-readable, and accessible serve as a Rosetta Stone for 

others, but the lack of labeled data is still a major rate-limiting 

factor, emphasizing the critical nature of data-sharing activities. 

The largest data pools in regulatory decisions are the tests and 

decisions of the past, which are not generally accessible from 

companies and regulatory agencies. In a broader sense, it is the 

knowledge produced by our science of the past, which is either 

not digitized, proprietary or behind publisher paywalls. On a 

positive note, these are immediate growth opportunities. Fur-

thermore, these datasets can serve as validation data for the near 

future.    

This concept of e-validation presents a paradigm shift in the ap-

proach to validating NAMs, moving away from traditional, time-

consuming manual methods towards a more efficient, transparent, 

and human-relevant process. By integrating multiple AI-powered 

modules, e-validation aims to overcome current challenges and 

unlock the full potential of NAMs, accelerating their adoption in 

toxicology and biomedical research, and paving the way for more 

human-relevant and ethical safety assessments. While the frame-

work holds immense promise, its successful implementation re-

quires addressing practical challenges, ensuring data quality, sup-

porting software and hardware requirements, and navigating ethical 

and regulatory considerations.

E-validation was conceptualized to improve lengthy validations 

of in vitro systems; however, it can be applied similarly to AI-based 

NAMs in several innovative ways, leveraging the power of AI to 

streamline and enhance the validation process across all types of 

NAMs (Fig. 2). 

Furthermore, AI enables automated reporting and documenta-

tion (comprehensive, standardized validation reports, ensuring 

consistency and thoroughness in documentation) and ethical and 

bias assessment (to identify potential biases in AI-based NAMs). 

By applying these e-validation concepts to AI-based NAMs, we can 

create a more efficient, thorough, and adaptable validation process. 

Tab. 1: Emerging trends in AI that may impact validation 

This non-comprehensive list of trends in AI is interpreted with respect to each trend’s possible impact for developing and validating AI-based 
NAMs, identifying key research priorities, and integrating AI-based NAMs in toxicology practice

Trend	 Potential impact for AI-based NAMs	 Validation implications

Multimodal AI (AI systems capable of pro-
cessing and integrating multiple types of data 
inputs simultaneously – like text, images,  
and molecular structures – for comprehensive 
toxicity analysis)

Foundation models (Large-scale AI models 
pre-trained on vast datasets that can be  
fine-tuned for specific toxicology applications)
Self-supervised learning (Models that can 
learn from unlabeled toxicology data)

On-the-flight structured data (Real-time 
conversion and organization of unstructured 
toxicological data into standardized formats 
suitable for immediate analysis)

Synthetic data (Artificially generated data  
that mimics real toxicological data characteris-
tics to supplement limited datasets or explore 
scenarios where real data is scarce)
Causal AI (Advanced methods for under-
standing cause-effect relationships in biologi-
cal systems)

Hybrid AI systems (Combination of different  
AI approaches, e.g., symbolic AI with neural 
networks)
AI agents (autonomous AI systems that can 
independently perform complex tasks like 
experimental design, data analysis, and deci-
sion-making in toxicology research)

Integration of diverse data types (text, images, 
molecular structures, omics data) for compre-
hensive toxicity assessment. 
 

Large pre-trained models adaptable to various 
toxicology tasks through fine-tuning. 

Substantial amounts of unlabeled toxicology 
data could inform larger models.

Iterative learning based on real-time conver-
sion of unstructured toxicology data into struc-
tured formats for immediate analysis. 

Generation of realistic toxicological data to 
augment limited datasets and explore rare 
scenarios. 

Improved understanding of cause-effect  
relationships in biological systems. 

Combines multiple AI approaches for 
improved mechanistic understanding of  
toxicological outcomes.

AI systems acting autonomously to design  
and optimize experiments, manage data pipe-
lines, and coordinate validation processes. 

Need for validation frameworks that 
assess model performance across  
different data modalities. 
 

Need for validation approaches that 
assess transfer learning effectiveness 
and domain adaptation.

Validation of learning from unvalidated 
data sources.

Validation of accuracy and consistency in 
automated data structuring processes. 
 

Requires validation of synthetic data qual-
ity and representativeness compared to 
real data. 

Validation must verify causal relationship 
accuracy. 

Requires validation frameworks that 
assess integrated system performance. 

Need for validating agent decision-mak-
ing processes and establishing bounda-
ries for autonomous actions.
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Trend	 Potential impact for AI-based NAMs	 Validation implications

Privacy-preserving AI (Techniques like 
homomorphic encryption) 

Federated learning (A machine learning  
technique that trains algorithms across  
multiple decentralized devices or servers  
holding local data samples, without exchang-
ing them)

AI model compression (Reduce the size and 
energy consumption of models)

Zero-shot learning (Models that can make 
predictions without inclusion in training set)
Neuromorphic computing (Hardware 
designed to imitate the brain’s structure and 
function to process information)

Parallel compute (distributed computing 
architecture that enables simultaneous  
processing of AI tasks across multiple proces-
sors or machines to accelerate model  
training and validation)

Quantum computing (An emerging techno-
logy that leverages quantum mechanical  
phenomena to perform complex computations 
exponentially faster than classical computers)

Explainable AI (xAI) (Techniques and meth-
ods that make AI systems’ decision-making 
processes more transparent and interpretable 
to humans, enhancing trust and enabling bet-
ter understanding of AI-generated results) 
 
 
 
 

Physics-informed AI (Integration of physical 
and biological laws into AI models for improved 
scientific consistency)
Continuous learning systems (AI models  
that can update themselves with new  
data while maintaining validation status)
Transfer learning and meta-learning 
(Approaches that enable AI models to apply 
knowledge gained from one task to new, relat-
ed tasks, or learn how to learn more efficiently, 
thus improving performance on new problems 
with limited data)
Adaptive AI systems (Models that automat-
ically adjust their architecture based on the 
complexity of toxicological data)

Automated machine learning (AutoML) (A 
process of automating the end-to-end process 
of applying machine learning to real-world 
problems, including tasks like feature selec-
tion, algorithm selection, and hyperparameter 
optimization)
Edge AI (The deployment of AI algorithms 
and processes directly on edge devices (like 
smartphones or IoT devices) rather than in the 
cloud, enabling real-time processing, reduced 
latency, and enhanced privacy)

Enables secure model training on sensitive 
toxicological data using encryption. 

Enables collaborative model training across 
institutions without sharing raw data, address-
ing privacy concerns, and expanding dataset 
diversity. 

Enables deployment of complex models on 
limited-resource devices.

Prediction of new toxicity endpoints without 
specific training.
Hardware mimicking biological neural  
networks enables more efficient processing  
of complex toxicological data.

Massive scalability of AI model training  
and validation through distributed computing 
networks. 
 

Could dramatically accelerate complex  
computations, enabling more sophisticated  
AI models and simulations in toxicology. 

Improved techniques for interpreting complex 
AI. Future focus: Developing standardized  
xAI techniques applicable across different 
AI models and tailored to specific toxicolog-
ical use cases. Incorporating adverse out-
come pathway knowledge into xAI methods to 
make AI-driven predictions more mechanis-
tically interpretable, enhancing transparency 
and trust. 

Reduces the need for large amounts of labeled 
data by integrating physical and biological 
laws into models.
Models update with new data while maintain-
ing performance. 

Enables AI models to learn from limited data 
by leveraging knowledge from related tasks, 
potentially expanding the applicability of AI in 
rare toxicity scenarios. 
 

Models automatically adjust architecture 
based on data complexity. 

Automates the process of selecting and opti-
mizing AI models, potentially accelerating the 
development of AI-based NAMs. 
 
 

Enables AI processing on local devices, poten-
tially allowing for real-time toxicity assess-
ments in field conditions.

Validation must verify security measures 
do not compromise model performance. 

May require new approaches to validate 
models trained on distributed datasets 
and ensure consistency across different 
data sources. 

Need to validate that compression does 
not reduce prediction accuracy.

Need to validate generalization to 
untrained endpoints.

Need for validation protocols specific to 
neuromorphic systems’ outputs. 

Ensuring consistency and reproducibility 
across different computing environments. 
 
 

May necessitate new validation frame-
works to handle the increased complex-
ity and scale of quantum-enhanced AI 
models.

Could facilitate more rigorous mechanistic 
validation and improve regulatory accept-
ance of AI-based NAMs. 
 
 
 
 
 
 

Need to validate compliance with known 
scientific principles. 

Need for validation approaches that 
assess ongoing model evolution. 

May require new approaches to vali-
date the transferability and generalizabil-
ity of models across different toxicologi-
cal domains. 
 

Validation must assess dynamic architec-
tural changes. 

Could necessitate validation of the 
AutoML process itself, in addition to the 
resulting models. 
 
 

May require new validation approach-
es for AI models deployed on edge devic-
es, considering hardware limitations and 
variability.
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The implementation of such agents introduces a new role for 

validation bodies. In addition to traditional tasks, these organiza-

tions could now oversee the creation, operation, and reliability of 

companion agents. A centralized dashboard would allow users to 

access detailed information about the model’s latest version, in-

cluding metrics on predictive performance, applicability domain, 

and uncertainty estimates. The dashboard would also provide real-

time analytics and reporting features, helping stakeholders stay in-

formed about the model’s evolution. Validation bodies would also 

be responsible for conducting performance audits, ensuring that 

the agents align with evolving regulatory standards. Furthermore, 

they may host versioned models alongside performance analytics, 

ensuring traceability and access to previous versions. User sup-

port systems managed by these bodies would notify stakeholders 

of significant changes affecting earlier predictions, maintaining 

transparency and trust.

The benefits of deploying companion AI post-validation agents 

are multifold. They would enable dynamic model evolution by 

ensuring that models remain relevant and continuously updated. 

Automatic back-testing and user alerts would foster greater trans-

parency and trust in AI-based NAMs by adapting to scientific 

progress. Moreover, operational efficiency would be enhanced 

through automated data integration, retraining, and monitoring, 

reducing the workload on human validators while improving reli-

ability. The decentralized structure of these agents allows them to 

handle large and diverse datasets, scaling without requiring con-

stant human intervention.

In summary, companion post-validation AI agents (Fig. 3) 

represent a fundamental shift in how AI-based NAMs could be 

continuously validated and updated to ensure the soundest sci-

ence applied to safety assessments. By adopting these agents, the 

toxicology community can proactively embrace change, ensuring 

that models remain relevant and perform optimally over time. This 

dynamic approach aligns with the rapidly evolving nature of AI, 

empowering these NAMs to achieve greater predictive power, 

transparency, and regulatory acceptance.

9.1  Vision of a companion post-validation AI agent 
AI-based NAMs are envisioned to evolve rapidly, making static 

validation processes potentially outdated almost as soon as they 

are completed. As models grow and adapt, the traditional ap-

proach – anchored in version-controlled, static models – will 

struggle to keep pace. To address this, a shift toward real-time, 

continuous validation for AI systems is needed. This section pro-

poses a post-validation companion AI agent (Fig. 3) as a solution 

to support adaptive and ongoing validation paired with real-time 

model updating.

The envisioned companion agent will autonomously retrieve 

newly available data from various sources, scouring the internet 

for new, model-relevant information. It will assess the quality of 

this data to ensure the integrity and representativeness of the data-

set. The new data will be used to assess the predictive performance 

of the current model version. Additional data identification and 

inclusion schemes can be envisioned, e.g., drawing from public-

private consortium and regulatory submissions.

The agent will also monitor the model’s performance and ini-

tiate retraining whenever the addition of new data significantly 

enriches the dataset. Retraining will be triggered if the expanded 

dataset enhances the predictive accuracy or extends the applicabil-

ity of the model. Furthermore, regular automated retraining may 

occur periodically, e.g., annually, even if no major data additions 

are detected. This periodic retraining simplifies version manage-

ment and ensures the model stays up to date with respect to chang-

es in the foundational model. In addition to online, open-access 

sources, the agent will be capable of importing donated or propri-

etary data, further broadening the chemical space and applicability 

domain of the model. Beyond monitoring new data, the agent will 

perform back-testing by re-running older predictions using the lat-

est model version. If discrepancies arise between past predictions 

and the outcomes generated by the updated model, the agent will 

flag these discrepancies and alert previous users of the model to 

ensure transparency and provide an opportunity to reassess earlier 

decisions or interpretations.

Fig. 3: The vision 

of a post-validation 

companion AI agent

The graph illustrates 

the circular tasks 

of a companion AI 

validation agent after 

initial validation and 

deployment of an 

AI-based NAM. A new 
version of the AI-based 

NAM is established 

with each cycle. 
Created with Napkin.ai.
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comprehensive risk assessments will be crucial for leveraging 

the full potential of AI in toxicology.

By addressing these research priorities, challenges, and opportu-

nities (Box 2), the scientific community can advance the valida-

tion of AI-based NAMs, ensuring their reliability, relevance, and 

acceptance in regulatory toxicology. This concerted effort will 

pave the way for more efficient, accurate, and ethically sound ap-

proaches to chemical safety assessment in the era of AI.

Box 2: Summary of key challenges and opportunities

Challenges
1.	 Data quality and bias: Ensuring the integrity, representa-

tiveness, and unbiased nature of training data for AI models.

2.	 Model interpretability: Addressing the “black box” nature 

of complex AI models to enhance transparency and trust.

3.	 Reproducibility and standardization: Developing consistent 

protocols for AI model development, validation, and report-

ing.

4.	 Regulatory acceptance: Navigating existing regulatory 

frameworks that may not be equipped to evaluate AI-based 

methods.

5.	 Ethical considerations: Addressing concerns related to data 

privacy, fairness, and the responsible use of AI in toxicol-

ogy.

Opportunities
1.	 Enhanced predictive power: Leveraging AI to improve the 

accuracy and scope of toxicity predictions.

2.	 Reduction in animal testing: Utilizing AI-based NAMs to 

minimize reliance on animal studies.

3.	 Mechanistic insights: Employing AI to uncover complex 

biological mechanisms of toxicity.

4.	 Efficient data integration: Harnessing AI’s ability to syn-

thesize diverse data types for comprehensive safety assess-

ments.

5.	 Personalized toxicology: Developing AI models that ac-

count for individual variability in toxicity responses.

6.	 Accelerated assessment: Speeding up the process of chemi-

cal safety evaluation through automated AI-driven analyses.

9.3  The path forward: E-validation and responsible  
AI integration
Our validation concept extends the OECD Setubal principles for 

QSAR validation17 (Hulzebos et al., 2005; Tichý and Rucki, 2009; 

Patlewicz et al., 2016), integrating modern AI capabilities to ad-

dress challenges and opportunities in toxicology. The Setubal prin-

ciples emphasize transparency in endpoint definition, algorithm 

disclosure, applicability domain definition, statistical evaluation, 

and mechanistic interpretation. Our approach incorporates these 

foundational principles but adapts them to AI-driven models by 

introducing e-validation and mechanistic alignment. E-validation 

9.2  Research priorities to advance validation  
of AI-based NAMs
The rapid advancement of AI in toxicology necessitates a con-

certed effort to develop and refine validation methodologies for 

AI-based NAMs. Key research priorities that will be crucial in en-

suring the reliability, reproducibility, and regulatory acceptance of 

these innovative approaches identified above include:

a)	 Standardization of data, metadata, and protocols to facilitate 

interoperability and reproducibility in AI model development 

and validation by applying common data structures and vo-

cabularies.

b)	 Robust uncertainty quantification methods for ensuring reliable 

risk assessments with confidence levels to quantify and com-

municate uncertainty will be key to building trust.

c)	 Integration of mechanistic understanding to enhance the biolog-

ical relevance and interpretability of AI models, aligning them 

more closely with current toxicological understanding.

d)	 Multi-scale modeling approaches from molecular to cellular, or-

gan, and organism levels are crucial for developing more com-

prehensive toxicity predictions for a more holistic understand-

ing of toxicological processes and to predict complex biological 

responses.

e)	 Adaptive validation frameworks: The dynamic nature of AI 

technologies and evolving regulatory landscapes necessitate the 

development of adaptive validation frameworks. These frame-

works should be capable of evolving alongside advancing AI 

technologies and changing regulatory needs, ensuring that vali-

dation processes remain relevant and effective over time. 

f)	 Personalized toxicology: Integrating individual-level data with 

toxicological information is an emerging priority, which needs 

validation approaches for AI models that account for individual 

variability.

g)	 Ethical AI in toxicology is crucial to anticipate the ethical impli-

cations of its use (bias, transparency, and accountability).

Further research priorities to be addressed:

h)	 Human-AI collaboration in validation: Investigating optimal 

ways to combine human expert knowledge with AI capabilities 

in the validation process is a key priority. This research will help 

establish effective paradigms for human-AI collaboration, lev-

eraging the strengths of both to enhance the overall quality and 

reliability of toxicological assessments.

i)	 Validation of AI for mixture toxicity: Advancing methods 

to validate AI models for predicting the effects of chemical  

mixtures is essential for addressing a key challenge in real-

world toxicology. This research priority reflects the complex-

ity of environmental and occupational exposures and will en-

hance the relevance of AI-based NAMs to realistic exposure 

scenarios.

j)	 Advanced risk assessment methods: Finally, research should 

focus on developing and validating AI-based probabilistic risk 

assessment methods that provide a range of possible outcomes 

with associated probabilities. Additionally, investigating ways 

to validate AI models that integrate diverse data streams for 

17 https://publications.jrc.ec.europa.eu/repository/handle/JRC31241 
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Box 3: Call to action for stakeholders 
for validation of AI-based NAMs
a.	Researchers and method developers

–	 Prioritize transparency and reproducibility in AI model 

development.

–	 Collaborate across disciplines to integrate biological 

knowledge into AI approaches.

–	 Engage in ongoing refinement and validation of AI mod-

els post-implementation.

b.	Regulatory agencies

–	 Develop guidance for the evaluation and acceptance of 

AI-based NAMs.

–	 Collaborate internationally to harmonize approaches to 

AI validation in toxicology.

–	 Invest in building AI literacy and expertise within regu-

latory bodies.

c.	Industry

–	 Contribute to the development and validation of  

AI-based NAMs through data sharing and collaborative 

research.

–	 Implement validated AI-based NAMs in safety assess-

ment workflows.

–	 Engage in transparent communication about the use and 

limitations of AI in toxicology.

d.	Academic institutions

–	 Incorporate AI and computational toxicology into toxi-

cology curricula.

–	 Conduct interdisciplinary research to advance the sci-

ence of AI in toxicology.

–	 Contribute to the development of ethical frameworks for 

AI use in safety assessment.

e.	Funding bodies

–	 Prioritize research on AI validation methodologies and 

standardization efforts.

–	 Support long-term studies to evaluate the performance of 

AI-based NAMs over time.

–	 Encourage interdisciplinary collaborations in AI and 

toxicology.

f.	Professional societies and international organizations

–	 Facilitate knowledge sharing and best practices in AI and 

validation through workshops and conferences.

–	 Develop position papers and guidelines on the use of  

AI in toxicology.

–	 Advocate for responsible AI use in chemical safety as-

sessment.

The validation of AI-based NAMs, and AI’s role in validation 

more comprehensively, represent both challenges and opportu-

nities for the field of toxicology. By addressing the complexities 

head-on and fostering collaboration across sectors, we can harness 

the power of AI to revolutionize chemical safety assessment. This 

transformation promises to enhance our ability to protect human 

health and the environment while reducing reliance on animal 

testing and accelerating the pace of scientific discovery.

leverages AI to streamline model validation through automated ref-

erence selection, robust cross-validation on diverse datasets, and 

simulation-based assessment, enabling faster and more flexible 

validations than traditional ring trials (Hartung et al., 2024b). Fur-

thermore, our emphasis on mechanistic validation aligns AI model 

predictions with established AOPs, bridging gaps between compu-

tational models and biological relevance. This integrated strategy 

ensures compliance with OECD principles while addressing the dy-

namic and complex nature of AI-driven methodologies. 

The concept of e-validation emerges as a comprehensive solution 

to overcome the limitations of traditional NAM validation. By inte-

grating various AI-powered modules – smart selection of reference 

chemicals, simulating validation studies, employing mechanistic 

validation, providing AI-enhanced training, and coordinating these 

components through a centralized dashboard – e-validation offers 

a faster, more efficient, and human-relevant approach to validating  

AI-based NAMs.

AI is poised to serve as a powerful tool for handling and integrat-

ing the vast and complex datasets generated by modern toxicology, 

a task that often overwhelms traditional approaches. This capabil-

ity positions AI as a catalyst for transitioning toxicology into a more 

predictive, mechanism-based, and evidence-integrated discipline. 

This shift is expected to promote public health and environmental 

protection by enabling more accurate hazard identification and more 

robust risk assessments. Possibly the most radical proposal herein is 

the necessity for post-validation companion AI agents – deploying 

AI to solve the problems posed by traditional validation.

Building trust in AI-based NAM validation requires extending 

Trustworthiness beyond technical rigor to include Reproducibility, 

Explainability, Applicability, and Transparency, and transparency, 

collectively forming the TREAT framework (Tong et al., 2024). These 

principles highlight the necessity for clear communication of model 

capabilities and limitations, robust validation protocols tailored to 

AI’s unique challenges, and ongoing lifecycle management to ensure 

models remain relevant and safe (Hartung et al., submitted). Impor-

tantly, the balance between transparency and innovation must be 

carefully maintained, as excessive transparency requirements might 

hinder technological progress. Stakeholder engagement, interdiscipli-

nary collaboration, and training in AI literacy are critical for aligning 

technical solutions with societal and ethical expectations. Finally, em-

bedding frameworks for accountability and ethical oversight, while 

promoting dynamic, adaptive validation criteria, ensures that trust in 

AI systems is earned and sustained as technologies evolve.

However, it is crucial to recognize that AI is not a panacea. The 

integration of AI must be approached responsibly, addressing ethical 

concerns, ensuring transparency, and maintaining human oversight 

to avoid unintended consequences. The future of toxicology hinges 

on collaboration between AI experts and toxicologists to harness 

AI’s power while ensuring its responsible and ethical application.

9.4  Call to action for stakeholders
Alan Turing said “We can only see a short distance ahead, but we 

can see plenty there that needs to be done.” This describes our sit-

uation quite nicely. To realize the full potential of AI-based NAMs 

in toxicology, concerted action is required from all stakeholders 

(Box 3).
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As we move forward, it is crucial that all stakeholders remain 

committed to the principles of scientific rigor, transparency, and 

ethical responsibility (Hartung, 2024). The future of toxicology 

lies in our ability to integrate cutting-edge AI technologies with 

our deep understanding of biological systems and toxicological 

mechanisms. Noteworthy, FDA just released “Considerations for 

the Use of Artificial Intelligence to Support Regulatory Decision-

Making for Drug and Biological Products Guidance for Industry 

and Other Interested Parties”18, which appears to be an important 

step embracing these developments. This synergistic partnership 

between AI and toxicology is key to realizing the full potential of 

AI in revolutionizing safety science and ushering in a new era of 

efficient, ethical, and human-relevant safety assessment.

10  Conclusion: Enabling the transformative potential of  
AI in toxicology by validation

In summary, validating AI-based methods in toxicology demands 

a fundamental shift from traditional approaches, and AI repre-

sents a dramatic opportunity to revamp and enhance validation 

across all NAMs. The focus must move away from simply rep-

licating animal data toward establishing performance standards, 

embracing mechanistic understanding and human relevance, 

adapting to the iterative nature of AI, and addressing data-specif-

ic challenges. This evolution in validation is crucial for building 

trust in AI, fostering innovation, and realizing the full potential 

of these powerful tools to enhance safety science. This article has 

explored the challenges, opportunities, and future directions for 

validating AI-based NAMs, highlighting their transformative po-

tential while acknowledging the complexities involved in their 

implementation and acceptance. Further, we have proposed an 

AI-enabled e-validation strategy that will streamline the process 

of assuring robust, reproducible, relevant methods across all 

types of NAMs. 
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