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Beyond animal testing: An integrated framework for modern chemical 
hazard identification and risk assessment

The report “Making Peace with Nature: A scientific blueprint to 
tackle the climate, biodiversity and pollution emergencies,” 
released by the United Nations Environment Programme, highlights 
that the Earth is facing three major crises: climate change, biodiver-
sity loss, and environmental pollution [1]. The Lancet Commission 
on pollution and health stated that 9 million people, representing 
one-sixth of global fatalities, died from pollution in 2019, among 
which more than 1.8 million deaths were caused by toxic chemical 
pollution [2]. Since the 21st century, chemical management and 
emerging contaminants have received unprecedented attention 
due to the rapid growth in the number and types of pollutants 
detected in the environment. Animal toxicity testing is a crucial 
method for revealing the toxicity mechanisms of chemicals and 
safeguarding human health and ecological security. However, 
such a method is critically constrained by a prolonged testing 
period, exorbitant costs, and low throughput. Therefore, the growth 
rate of chemicals far exceeds the testing capacity of animal-based 
methods. By the end of 2024, globally registered chemicals had 
reached 279 million, while fewer than 20,000 had undergone 
toxicity assessments [3]. A large number of chemicals are trapped 
in toxicity data gaps, which will further lead to the delay in their 
assessment and regulation. Meanwhile, emerging pollutants 
exhibit more complex toxicity mechanisms than traditional pollut-
ants, such as non-monotonic dose–effect relationships, multi-target 
synergies, and high risks associated with chronic, low-dose expo-
sures. Additionally, several traditional pollutants exhibit unusual 
toxic characteristics and require reevaluation. For example, natural 
organic matter can generate numerous carcinogenic disinfection 
byproducts during the chlorination process of source water, posing 
a threat to human health [4]. The surge in the number of chemicals, 
the limitations of animal testing, and the more complex toxic mech-
anisms of pollutants pose challenges to environmental toxicology 
research and public health. It is necessary to explore new approach 
methodologies (NAMs).

The current NAMs focus on non-animal technological path-
ways and involve multi-disciplinary technologies, including in 
chemico, in vitro, and in silico approaches [5]. These NAMs can 
achieve rapid, accurate, and high-throughput assessment of 
chemical toxicity. As of November 2024, the United States Tox-
Cast/Tox 21 project had generated numerous biological target 
and activity data for over one million chemicals using high-
throughput in vitro assays, increasing the screening efficiency 
of chemical toxicity by approximately three orders of magnitude 
compared with animal testing [6]. Furthermore, NAMs can more 
accurately identify species-specific differences in chemical 
toxicity, compensating for the toxicity deviations in animal

testing. A related study reported that multispecies liver chips 
(comprising mice, dogs, and humans) accurately predicted liver 
toxicity and identified species differences and human risks asso-
ciated with drugs by providing multiple toxic endpoints [7]. How-
ever, the previous research focused on piecemeal applications of 
NAMs. Advancing the field requires a comprehensive interdisci-
plinary understanding that spans chemistry, toxicology, com-
puter technology, biology, and environmental science. Thus, a 
unified and coherent framework that integrates disparate NAMs 
has yet to be established.

Establishing a non-animal framework based on NAMs is not 
only a significant strategy to address current scientific challenges 
but also a crucial support for advancing the assessment and regu-
lation of global chemicals. Ethical controversies of animal testing, 
together with the 3R principles—reduction, refinement, and repla-
cement—continue to gain prominence. The 3R principle advocates 
for reducing animal use, refining experimental conditions to mini-
mize animal suffering, and replacing in vivo experiments with 
alternative methods. Currently, some countries or organizations 
are promoting new alternative methods. The European Union 
has comprehensively banned animal testing in cosmetics and 
applied Organisation for Economic Co-operation and Development 
(OECD)-certified in vitro models [8]. In 2022, the United States 
Food and Drug Administration launched an agency-wide New 

Alternative Methods Program to support the legal application of 
NAMs in the product supervision system [5]. The Weight-of-
Evidence evaluation that uses multiple non-animal methods is 
accepted for cosmetics or pesticides in South Korea, Japan, and 
Canada [8]. The National Institutes for Food and Drug Control in 
China is considering four in vitro tests involving eye and skin toxi-
cology in cosmetic safety assessment. Overall, a limited number of 
NAMs are incorporated into regulatory settings, primarily applied 
in the assessment of cosmetics, pharmaceuticals, and food. The 
assessment and regulation of most chemicals need animal testing. 
The regulatory approval of NAMs largely relies on their validation 
and standardization. Therefore, establishing a non-animal frame-
work based on NAMs is essential for enhancing their applicability 
and accelerating regulatory acceptance.

Under the dual demands of scientific research and regulatory 
supervision, we propose a non-animal framework comprising 
three modules: high-throughput data screening, toxicity identifi-
cation driven by multi-source data, and risk evaluation based on 
in vitro validation and optimization (Fig. 1).

Firstly, a high-throughput classification, filling, and screening 
process should be adopted to determine priority toxic chemicals. 
Congeneric contaminant groups and their toxicological priority
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are determined based on their structures, properties, and toxicity 
endpoints from multiple databases. For chemicals with insuffi-
cient or missing toxicity information, toxicity endpoints can be 
estimated using the read-across method and quantitative 
structure-activity relationships (QSAR) models. These toxicity 
endpoints enable the systematic selection of priority toxic chemi-
cals. For instance, the OECD-recommended QSAR Toolbox contains 
physicochemical properties and toxicological endpoints for over 
14,000 chemicals, supporting embedded read-across and trend 
analysis to fill the chemical data gap. The module enables efficient 
monitoring of emerging chemicals, facilitating proactive updates 
to the global chemical regulatory list and priority pollutant list, 
helping to overcome the current “tip of the iceberg” limitations 
in recognizing new pollutants.

Secondly, artificial intelligence (AI) models—including machine 
learning and deep learning—can be applied to extract unstructured 
data on priority toxic chemicals identified in the previous step. 
These unstructured data include multi-omics information (genome, 
transcriptome, and proteome) and adverse outcome pathways. 
Furthermore, these models can capture complex 
structure–activity relationships and visualize multi-level interac-
tive networks of pollutants, targets, genes, pathways, and pheno-
types. The quality of model input data can be improved by 
evaluating the rationality of the experiments, the sample size, and 
the credibility, as well as performing dimensionality reduction to

optimize the input features. Model limitations, such as data bias, 
overfitting, and poor interpretability, can be addressed through 
appropriate data cleaning, control of iteration numbers, incorpora-
tion of model constraints, and the addition of explanatory layers. 
For example, Jiang et al. [9] developed ToxACoL, a multi-condition 
acute toxicity prediction model that reliably predicts toxicity end-
points in data-scarce and cross-species scenarios. ToxACoL ad-
dresses challenges arising from overcoming diverse experimental 
conditions, imbalanced datasets, and limited target data. This mod-
ule enables high-efficiency identification of key toxic structures, 
biomarkers, and toxic pathways of the priority toxic chemicals. 
This step conducts a more rigorous screening of priority toxic chem-
icals by integrating evidence on their toxicological mechanisms, 
thereby refining and further narrowing the list.

Finally, the risk assessments of identified priority toxic chemi-
cals require incorporating cross-species or individual physiological 
variability parameters, physiological toxicokinetic (PBTK) models, 
and considerations of absorption, distribution, metabolism, and 
excretion. Then, a quantitative in vitro–to-in vivo extrapolation 
model is constructed to establish an in vivo exposur-
e–dose–response relationship. This model translates in vitro effect 
concentrations into in vivo equivalent doses in animals or humans, 
thereby yielding sensitive ecological or health thresholds. Xie et al. 
[10] predicted the corresponding in vivo exposure threshold and 
no-effect concentration of chemicals by applying the PBTK model

Fig. 1. Non-animal framework based on new approach methodologies (NAMs) for chemical hazard identification and risk assessment. The framework comprises three 
modules: (1) high-throughput screening to address toxicity data gaps and select candidate priority chemicals; (2) artificial intelligence/machine learning–enabled, mechanism-
based identification of key toxic structures, biomarkers and pathways from multi-source NAM data (for example, multi-omics and adverse outcome pathways [AOPs]); and (3) 
quantitative risk evaluation that integrates absorption, distribution, metabolism and excretion (ADME), physiologically based toxicokinetics (PBTK) and quantitative in vitro–in 
vivo extrapolation (QIVIVE), supported by in vitro and organoid validation, to derive health- and ecology-based thresholds for chemicals requiring strict control.
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of fish physiology combined with in vitro–in vivo extrapolation, 
providing insights for the ecological risk assessment of chemicals. 
Environmental exposure concentrations of pollutants are shared 
and obtained through Internet of Things technologies. The risk is 
quantified by comparing the environmental exposure concentra-
tion with sensitive thresholds, addressing the problem of delayed 
chemical risk assessment. When physiological or toxicological 
data gaps persist, high-throughput data can be generated through 
in vitro cell testing and microphysiological systems, including orga-
noids, organ-on-a-chip devices, and three-dimensional cell culture 
models. These new technologies also contribute to correcting the 
deviations in toxicity prediction models and efficiently verifying 
certain key toxicity mechanisms of chemicals, especially in the reg-
ulatory assessment of chemicals. Overall, the non-animal frame-
work represents a transition from retrospective to predictive 
assessment paradigms. It is expected to address key limitations of 
traditional chemical governance—including slow detection, 
delayed assessment, and limited control—thereby safeguarding 
public health, maintaining ecological security, and supporting sus-
tainable development.

The application of the non-animal framework in toxicology re-
mains challenging. In terms of model data, multimodal data often 
contain substantial noise, insufficient standardization, and a lack 
of sharing mechanism, resulting in reduced model training accu-
racy. If toxicity data are generated through sequential predictions 
across the three modules, the associated errors may accumulate 
and amplify. Implementing FAIR (findable, accessible, interoper-
able, and reusable)-compliant standardized data repositories 
across institutions enables evidence-based predictive toxicological 
modeling. Incorporating a non-animal framework into the regula-
tory framework requires rigorous scientific justification and eval-
uation. The shortage of interdisciplinary talents and high-cost 
pressure constitute impediments at the resource level. It is neces-
sary to strengthen interdisciplinary collaboration, policy inclina-
tion, and financial support.

In conclusion, we propose a unified and scalable framework for 
chemical hazard assessment that extends beyond piecemeal appli-
cations of NAMs. The non-animal framework can quantify health 
risks of chemicals to both animals and humans, as well as identify 
and manage highly polluting chemicals. It will support environ-
mental decision-making, optimize governance strategies, and mini-
mize pollution and ecological health risks caused by chemicals to 
the greatest extent possible. By embodying the principles of One 
Health, the framework promotes the deep integration of toxicology, 
ecology, and public health, enabling a paradigm shift from single-
species safety assessments to the optimization of the global health 
systems. Ultimately, it aims to provide more comprehensive and 
sustainable solutions to global challenges such as climate change, 
biodiversity loss, and environmental pollution. Reductions in 
pollutant emissions will be beneficial for protecting biodiversity 
and carbon sinks (such as soil and forests), reducing greenhouse 
gas emissions, and strengthening ecosystem resilience.
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