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Abstract 

Next Generation Risk Assessment (NGRA) aims to improve safety testing of pharmaceuticals, agrochemicals, and industrial 
chemicals. NGRA employs new approach methodologies, such as novel in vitro assays coupled with exposure modeling, to minimize 
the use of animal models, which can fail to predict specific biological effects in humans. The strategy of the ‘Omics for Assessing 
Signatures for Integrated Safety (OASIS) Consortium combines multi-omics technologies (including transcriptomics, proteomics, and 
Cell Painting [high-content imaging]) and multiple cell model systems (ranging from simple cell cultures to complex organotypic 
models). By integrating these approaches with internal exposure estimates, the consortium aims to improve the translation between 
in vitro and in vivo test systems, ultimately enhancing the relevance of safety assessment to human biology. OASIS’s integrated 
approach aims to better translate the biological effects across different chemical and biological spaces, starting with the liver as a 
use case. By using compounds with well-characterized in vivo and in vitro nonclinical safety and toxicology data related to adverse 
organ-specific effects in rats and humans, OASIS aims to create novel integrated methods that improve safety assessment while 
reducing animal use. Ideally, these efforts will contribute to regulatory science across sectors and support the adoption of more 
predictive, efficient, and cost-effective toxicological models.
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Advancing toxicology through Next 
Generation Risk Assessment and multi- 
omics approaches: the genesis of the Omics 
for Assessing Signatures for Integrated 
Safety Consortium
Next Generation Risk Assessment (NGRA) represents a transfor
mative shift in safety testing and toxicology. This shift spans 
multiple sectors, including pharmaceutical, agrochemical, and 
industrial chemical industries, as well as their regulatory agen
cies. NGRA is pushing away from traditional animal testing 
toward more rapid, human-relevant, and translational testing 

strategies using innovative new approach methodologies (NAMs) 

such as Cell Painting and omics technologies for a systems 

toxicology-based approach (Miccoli et al. 2022; Sewell et al. 2024). 

Animal testing, historically the gold standard, often fails to pre

dict specific biological effects in humans accurately due to 

species-specific differences in target expression, pharmacological 

responses, toxicological responses, or disease mechanisms 

(Waring et al. 2015; Monticello et al. 2017; Robinson et al. 2019; 

Monticello et al. 2024). As a result, the field is under immense 

economic, ethical, societal, and scientific pressure to adopt alter

native approaches to animal testing that are better aligned with 
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3Rs initiatives to replace, reduce, and refine the use of animals in 

research and that better reflect human biology and disease proc

esses (Sewell et al. 2016).
Government agencies and industry consortia are increasingly 

invested in NGRA and NAMs, which can play key roles in screen
ing, prioritization, risk assessment, and mechanistic understand
ing of compound-induced adverse outcomes and can meet 
differing regulatory needs across agrochemical, pharmaceutical, 
and industrial sectors. For example, the US Environmental 
Protection Agency (EPA) and Food and Drug Administration 
(FDA), and the European Medicines Agency (EMA) have demon
strated commitment to NGRA and the development of NAMs via 
strategic plans, work groups, and industry guidelines dedicated 
to developing and implementing alternatives to animal testing 
(FDA Modernization Act 3.0 2024; USEPA 2024; USFDA 2024). The 
NIH Common Fund recently launched a large NAM-based bio
medical research grant program to Complement Animal 
Research in Experimentation. Other US federal agencies, e.g. via 
the Interagency Coordinating Committee on the Validation of 
Alternative Methods (ICCVAM), are also investing substantial 
resources into using NAMs to improve their research portfolios 
and regulatory decision frameworks (NTP 2024). The European 
Commission is currently preparing a roadmap to phase out ani
mal testing in chemical risk assessment (EC 2024). This situation 
highlights the need to enhance the translation between chemi
cal- or drug-induced in vitro and in vivo biological responses and 
associated dose–response characteristics. Specifically, it is cru
cial to deepen our understanding of how various types of chemi
cals or pharmaceutical agents from different sectors interact 
with biological systems, from basic primary cell cultures to com
plex organisms, including laboratory animals and humans 
(Fig. 1).

To address the gap, we launched the cross-sector consortium 
Omics for Assessing Signatures for Integrated Safety (OASIS) to 
advance and evaluate the use of Cell Painting and multi-omics 
approaches in toxicology and risk assessment. Using liver as a 
test case, our objective is to explore the use and translation of 
biological effects from in vitro systems to laboratory animals and 
humans, both in terms of underlying mechanisms and concen
trations or dose levels.

OASIS brings together cross-sector stakeholders to address a 
critical need: Developing scalable, human-relevant, and data- 
rich toxicological methods. This consortium aims to leverage the 
strengths of Cell Painting and other ‘omics technologies such as 
transcriptomics and proteomics. Integrating these high- 
dimensional data sources using machine learning strategies will 
hopefully bridge the gap between in vitro and in vivo models, 
enabling better prediction of human safety risks (Liu et al. 2023; 
Seal et al. 2025). OASIS seeks to enhance the prediction of liver 
toxicity, a key endpoint for risk assessment, as a test case, in the 
hopes that findings will be applicable to broader toxicological 
predictions.

Evolving toxicology: from traditional animal 
models to high-content omics technologies 
using human cell-based models
Human cell-based assays offer species relevance but do not 
always fully replicate the complexity of in vivo human physiol
ogy (Van Norman 2019). The earliest such assays for toxicology 
were targeted, customized to measure a few endpoints known to 
be associated with particular mechanisms of toxicity. By con
trast, assays that are high-dimensional, or ‘high-content’, 

profiling assays can produce data that capture the impact of per
turbations across a broad range of molecular targets and biologi
cal processes, offering a more comprehensive and predictive 
approach. This strategy of measuring many transcripts, proteins, 
metabolites, or epigenomic modifications, each with uncertain 
predictive value but collectively valuable, became known as toxi
cogenomics (Meier et al. 2025). Initially developed to provide 
mechanistic insights in in vivo laboratory animal studies, toxico
genomics now supports biomarker development and dose– 
response assessments using in vitro test systems that aim to cap
ture early signals of toxicity that have been identified during 
in vivo toxicity studies (Meier et al. 2025). Profiling technologies 
such as transcriptomics, Cell Painting, metabolomics, and pro
teomics offer high-density data and capture compound-induced 
changes, though they remain in early validation stages for regu
latory applications such as point-of-departure determination 
and hazard classification (Pruteanu and Bender 2023). 
Additionally, both the cellular model and the technology used 
can affect the characterization of chemical effects (Way et al. 
2022), underscoring the need to understand the biological cover
age of different cell models and ‘omics platforms (Baillif et al. 
2020).

OASIS chose the liver as a test case for benchmarking because 
it is a key organ involved in the metabolism and detoxification of 
chemicals, making it highly susceptible to toxicological effects 
(Abboud and Kaplowitz 2007). Many adverse outcomes, particu
larly those related to drug and chemical exposures, manifest in 
the liver, such as hepatotoxicity, fibrosis, and liver failure (Eaton 
and Klaassen 2001). Additionally, the liver’s complex metabolic 
activity provides critical insights into how compounds are proc
essed and how their metabolites contribute to toxicity (Pi~neiro- 
Carrero and Pi~neiro 2004). There is also a relatively large set of 
publicly available in vivo data available from both rodent models 
and human clinical studies on liver toxicity, making it a data-rich 
organ for comparative analysis (Martin and Judson 2010; Igarashi 
et al. 2015; Chen et al. 2016; Watford et al. 2019; Daniel et al. 
2022; Mezencev et al. 2024). This extensive knowledge base 
allows in vitro findings to be more reliably anchored to real- 
world outcomes, making the liver a practical and informative 
system for toxicological risk assessments.

OASIS compound selection
The first task of the OASIS Consortium was to select compounds 
for testing across ‘omics technologies and liver cell model sys
tems. OASIS will create a pioneering dataset by collecting and 
combining novel ‘omics data with existing data from standar
dized rat subacute in vivo toxicity studies of approximately 200 
compounds generously provided by our pharmaceutical and 
agrochemical partners, along with in vivo toxicity data from 
approximately 1,500 publicly available compounds. The public 
OASIS compounds were selected based on publicly available sub
acute repeat-dose in vivo rat data or human clinical data in high- 
quality sources (Table 1).

OASIS cell model selection
Cell Painting, transcriptomic, and proteomic data will be col
lected across various liver-relevant cell systems ranging from 
simple cultured cell lines to primary hepatocytes and advanced 
models such as liver organoids and liver-on-a-chip platforms 
(Table 2). Cell Painting will be conducted across all compounds 
and cell lines; however, due to cost, the transcriptomic and pro
teomic data generation will be limited to a subset of compounds, 
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as will the advanced cell models. The specific advanced cell mod
els remain to be selected by OASIS.

OASIS ‘omics technologies
In this and subsequent sections, we evaluate the status of key 
profiling methods in rat and human in vitro cellular systems, 
with a focus on the utility of technologies selected for the OASIS 
Consortium and their ability to translate to in vivo rat and 
human known adverse outcomes.

Transcriptomics
Transcriptomics measures mRNA levels in cell cultures, organs, 
and biological fluids; in toxicology, these data are compared with 
controls to characterize and quantify changes in gene expression 
in response to a chemical. Techniques range from targeted meas
urement of a small number of transcripts (RT-qPCR) to broader 
profiling approaches such as microarrays and Next Generation 
RNA Sequencing. However, linking gene expression changes— 
indicative of compound toxicity or bioactivity—with observable 
outcomes (e.g. liver injury) is complex. Standard bioinformatics 
outputs, such as lists of differentially expressed genes, are chal
lenging to integrate into safety assessment frameworks because 
they must be related to dose responses and correlated with 
pathological responses in humans. Regarding industrial chemi
cals, 1 quantitative emerging approach is to summarize ‘omics 
concentration–response data as a point of departure (POD—the 

lowest concentration at which a compound causes a statistically 
significant change in the mRNA profile) based on transcriptomic 
profiling, producing a benchmark dose from animal studies that 
naturally fit within a human health assessment framework 
(Auerbach et al. 2024). High-throughput transcriptomics using 
cell line cultures has also been used to determine potencies asso
ciated with perturbation of biological pathways that may under
lie (Harrill et al. 2019; Yauk et al. 2020; Meier et al. 2025). 
However, this approach is not widely used across other sectors, 
such as the pharmaceutical or agrochemical industry, for regula
tory decision-making due to limitations related to standardiza
tion, data interpretation, and the complexity of integrating 
transcriptomic data with existing regulatory frameworks (Harrill 
et al. 2021; Gant et al. 2023). That said, pathway-specific tran
scriptomics signatures (e.g. TGX-DDI, GARD skin) have demon
strated successful applications (Johansson et al. 2019;  Li et al. 
2019), but widespread adoption across industries and for regula
tory decision-making remain limited in part due to the lack of a 
broad validation effort.

Proteomics
Proteomics data promises to provide a more direct understanding 
of cellular perturbations caused by chemicals than mRNA for 2 
key reasons. First, proteins frequently carry out the functions 
encoded by genes (Liang et al. 2020). Second, molecular initiating 
events and key events (2 categories of toxicity mechanisms) are 

Fig. 1. OASIS Consortium strategy. Chemical structures will be linked to different ‘omics measurements as predictive variables, as well as drug- 
induced liver injury (DILI) organ toxicity endpoints. The aim of the OASIS project is then to identify which in vitro proxy endpoints are predictive for 
in vivo toxicity, in which species, and at which dose. The aim is to establish confidence in ‘omics profiles as New Approach Methodologies and to 
determine best practices related to liver toxicity, with implications also for the wider field. RPH, rat primary hepatocyte; HPH, human primary 
hepatocyte; iPSC, induced pluripotent stem cell; qIVIVE, quantitative in vitro to in vivo extrapolation; POD, point of departure. The picture representing 
the internal exposure is derived from Pearce et al. (2017).

Table 1. Sources of human data or repeated dose rat in vivo data for OASIS compounds.

Source Website or reference Number of compounds in OASIS list Data type

TG-GATEs Igarashi et al. (2015) 107 Rat in vivo
Drug Matrix Svoboda et al. (2019) 49 Rat in vivo
ToxRefDB Watford et al. (2019) and Feshuk et al. (2023) 102 Rat in vivo
DILIlist FDA (2023) 875 Human Clinical
DILIRank Chen et al. (2016) 194 Human Clinical
RepDoseDB Bitsch et al. (2006) 241 Rat in vivo
ICE Daniel et al. (2022) 137 Rat in vivo
Donated industry compounds n/a 131 Rat in vivo

The consortium agreed to remove some compounds due to procurement difficulties and data availability. RepDoseDB gathered publicly available data as a 
database as paid service. These curated data, while in the public domain, were donated to the consortium. The compound list is available as supplemental file 1.
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more often defined with respect to proteins than to the mRNAs 
that encode them. However, mass spectrometry or ELISA-based 
proteomics methods have historically been too expensive and 
low-throughput for analysis beyond a few compounds, which is 
insufficient for benchmarking broader predictive ability. 
Proteomics recently revealed the dose- and time-resolved phar
macological properties of a limited number of drugs (Zecha et al. 
2023), but new methods have recently become cost-effective 
enough to analyze sufficient numbers of compounds, in concen
tration–response, to quantitatively evaluate whether the technol
ogies can predict toxicity. Because proteomics data can be 
analyzed in the same way as transcriptomics data, the OASIS 
Consortium provides a unique opportunity to evaluate proteo
mics data and integration with Cell Painting and transcriptomics 
data to better predict the potential for toxicity, point-of- 
departure identification, and biomarker identification and inter
pretation.

Cell painting
Cell Painting is an in vitro phenotypic profiling assay that labels 
cells with 6 fluorescent probes to visualize 8 different cellular 
components by microscopy (Seal et al. 2024). Image analysis soft
ware measures thousands of features, including intensity, shape, 
textures, and so on, from each cell. Cell Painting is cost-effective 
and high-throughput, yet it captures data at single-cell resolu
tion, allowing for assessment of population heterogeneity and 
providing information that is distinct from mRNA and protein 
profiling (Wawer et al. 2014; Way et al. 2022; Dahlin et al. 2023; 
Dagher et al. 2025). Cell Painting can discern distinct mecha
nisms of chemical cytotoxicity (Way et al. 2022; Dahlin et al. 
2023), determine potencies for perturbation of cellular biology 
(Nyffeler et al. 2020; Nyffeler et al. 2021; Way et al. 2022; Ewald 
et al. 2025), and group chemicals acting through similar mecha
nism (Nyffeler et al. 2023). Phenotypic profiling approaches like 
Cell Painting have been explored to predict lung and kidney tox
icity (Su et al. 2016; Lee et al. 2018), and efforts to better under
stand the applicability of Cell Painting for toxicity assessment 

across sectors are still underway. The OASIS Consortium focuses 
on the applicability and incorporation of this technology for 
application to safety risk assessment, which has not yet been 
fully explored (Chavan et al. 2020; Lejal et al. 2023).

Quantitative in vitro to in vivo extrapolation: 
bridging laboratory and real-world 
exposures
A critical challenge in toxicology is translating laboratory findings 
to real-world relevance. Quantitative in vitro to in vivo extrapola
tion (qIVIVE) addresses this by converting the concentrations that 
cause effects in laboratory cell cultures to the exposure levels that 
would produce equivalent effects in living organisms.

This translation requires 2 key components: First, accurate 
measurement of the biologically active concentration in cell- 
based assays, and second, pharmacokinetic modeling to predict 
what dose would achieve those tissue concentrations in humans 
or animals. OASIS will integrate qIVIVE modeling with multi- 
omics data to enhance the prediction of human liver toxicity 
from laboratory studies, providing a quantitative bridge between 
in vitro observations and in vivo outcomes (Chang et al. 2022; 
Magurany et al. 2023; Moreau et al. 2024).

OASIS Consortium
‘Omics technologies and in vitro models coupled with exposure 
modeling offer promise but need to be evaluated to gain a deeper 
understanding of their capacities and limitations for human health 
risk assessment. The scale of the challenge requires pre-competitive 
collaboration among industries, regulators, and academia. Creating 
a sufficiently scaled validation dataset to evaluate ‘omics technolo
gies, sharing insights on translating in vitro to in vivo models, inte
grating multi-omics data, and deriving mechanistic understanding 
will build trust and advance the adoption of NAMs in chemical risk 
assessment. To that end, participating organizations in the OASIS 

Table 2. OASIS cell models.

Cell model Description Metabolic capability Rationale 

U2OS Human osteosarcoma immortal  
cell line

Very limited metabolic  
capability

Used to detect basic cytotoxicity and identify  
pathway activity using public JUMP-Cell  
Painting Consortium data

HepG2� Human hepatocellular carcinoma  
cell line

Limited metabolic  
capability

Commonly used for cytotoxicity and drug  
metabolism studies

HepaRG Human primary hepatocyte-like  
cell line

Many intact metabolic  
pathways

Selected as a cost-effective human-derived  
cell line with stable liver-like functions,  
offering a practical alternative to primary  
hepatocytes for routine testing

Rat primary  
hepatocytes�

Rat primary hepatocyte cells Intact metabolic pathways Included for their species-specific metabolic  
capabilities to benchmark in vitro data  
against established rat in vivo toxicity  
outcomes

Huiman primary  
hepatocytes�

Human primary hepatocyte cells Intact metabolic pathways Selected as the gold standard for human  
liver metabolism and toxicity studies  
due to their intact metabolic and  
functional pathways

iPSC-derived human  
liver organoids�

Hepatocytes, stellate cells,  
and Kupffer cells

Partial liver functionality Provides a multicellular, physiologically  
relevant model for liver toxicity

Liver-on-a-chip� Rat and human liver cells Species-specific metabolic  
pathways

Offers an advanced, species-specific system  
for studying dynamic liver functions and  
toxicity under more physiologically relevant  
conditions

The selected cell models are relevant to humans or rats, ranging in complexity from well-established cell lines to more complex primary hepatocytes, to organoids 
and liver-on-a-chip devices.
�Due to resource constraints, varying subsets of the full compound set will be tested in these cell models.
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Consortium span sectors (pharmaceuticals, agrochemicals, public 
research, and governmental organizations) and disciplines (toxicol
ogy, ‘omics, drug discovery, bioinformatics, in vitro technologies, 
and Physiologically Based Pharmacokinetic modeling). An up-to-date 
list of participating organizations can be found at https://oasiscon
sortium.org/members/.

OASIS aims to overcome 3 major existing limitations to creat
ing better, faster, and less costly methods for toxicity assess
ment: (i) the lack of reasonably scalable assay systems that 
retain physiological relevance to organ systems while also pro
ducing multiplexed, high-dimensional readouts, which we over
come here via several newer profiling methods (Cell Painting, 
targeted transcriptomics, and multiplexed affinity proteomics), 
(ii) the small number of compounds with publicly available 
in vivo toxicity outcome data, which we increase here through (a) 
a concerted effort to gather such a set of compounds with public 
toxicity data, plus (b) the industry partners’ contributions of 
compounds with existing, previously private data, and (iii) the 
challenge of translating in vitro dose–response data to organ
isms, which we address with experts in pharmacokinetics.

OASIS key guiding questions are as follows:

� How do different ‘omics technologies capture, from in vitro 
cell cultures, various modes of action in informing adverse 
outcomes in rats and humans, and how do these outcomes 
relate to the chemical spaces of agricultural chemicals, 
industrial chemicals, and pharmaceuticals, given their dis
tinct characteristics? Does Cell Painting add value to other 
‘omics-based assessments enabling better in vitro to in vivo 
translation? 

� How do the physiological relevancies of cellular models— 
such as cell lines, primary cell cultures, and organ-on-chip 
systems—compare in predicting human outcomes, and how 
can further comparisons with rat models provide insight into 
species-specific differences? 

� To what extent do in vitro biological responses, combined 
with internal exposure estimates (e.g. qIVIVE), inform the 
dose–response relationship for in vivo adverse outcomes, and 
how do PODs derived from different ‘omics technologies and 
Cell Painting compare in this context? 

Benchmarking ‘omics data using liver 
toxicity models: cross-species comparisons 
and predictive assessments
OASIS is comprehensively benchmarking a diverse set of 1513 
data-rich compounds, including 963 compounds previously 
tested in many studies as part of ToxCast (Richard et al. 2016). 
These compounds serve as a critical foundation for understand
ing adverse outcomes, drawing from both publicly available sour
ces and contributions from industry partners. Many of the 
compounds are labeled with categorical classifications of adverse 
effects, such as the presence or absence of drug-induced liver 
injury (DILI) in humans, rather than detailed dose–response pro
files across species. For compounds with data from both rat mod
els and human studies, the aim is to evaluate cross-species 
concordance through both qualitative and quantitative analyses.

Our benchmarking strategy incorporates rigorous, quantifiable 
metrics to assess the translation of in vitro findings to in vivo out
comes (Fig. 2). Specifically, we will evaluate the concordance 
between in vitro PODs for each combination of omics and cell 
model tested, coupled with in silico exposure estimates, and their 
known in vivo counterparts, using robust statistical methods, 

establishing thresholds to determine predictive reliability. These 
quantitative benchmarks are essential for selecting and building 
confidence in the predictive power of in vitro models and readouts, 
as well as understanding their limitations, ultimately enhancing 
their utility in risk assessment and regulatory decision-making. 
These benchmarks will also help prioritize future investments to 
fill gaps in performance. It should be noted that while we will com
pare human cell-derived PODs and rat cell-derived PODs, we will 
also assess the mechanistic insights derived from human and rat 
in vitro test systems. In many instances, there are notable species 
differences in response to outcomes, along with expected ADME 
differences between in vivo and in vitro. Although these PODs will 
help us benchmark outcomes, there will be nuance in understand
ing and interpreting results.

Future directions: enhancing translational 
toxicology
In summary, OASIS will investigate the effectiveness of several 
‘omic profiles measured from several in vitro cell models in pre
dicting organ-level responses in both rats and humans. We will 
evaluate which ‘omics technologies are most indicative of which 
organ-specific effects, with the goal of refining toxicity testing 
strategies. A crucial outcome will be the improved ability to 
extrapolate data between species, thereby enhancing the transla
tional accuracy of these models. Furthermore, OASIS aims to 
identify the ‘omics readouts that, when integrated with each 
other and with qIVIVE, reliably predict clinical DILI risk early in 
the development of pharmaceutical, agrochemical, and indus
trial products. All data and results will be made publicly accessi
ble upon publication of relevant papers to promote transparency 
and collaboration.

This initial phase of work is focusing on the information 
obtained across different ‘omic methods and cell types related to 
liver. Looking forward, the integration of additional cell types 
into toxicology studies will broaden the applicability of these 
approaches, extending insights beyond liver toxicity. Validation 
efforts, such as ring trials and the standardization of methodolo
gies across laboratories, will be critical for ensuring reproducibil
ity and gaining regulatory acceptance. Incorporating other ‘omics 
technologies, like metabolomics, will have the potential to fur
ther enhance mechanistic understanding, and expanding 
research into non-liver toxicities and ecotoxicological endpoints 
will diversify the risk assessment landscape. Later phases of 
work may also include understanding how these tools and other 
NAMs can be used for hazard identification or risk assessment.

Ultimately, this research aims to bridge the gap between pre
clinical findings and clinical outcomes, reducing the likelihood of 
late-stage failures in drug development and protecting human 
health in other industries. By providing robust, at scale evidence- 
based data to better understand the translation between in vitro 
and in vivo test systems, ultimately enhancing the relevance of 
safety assessment to human biology, OASIS will advance NGRA 
by characterizing methods that could provide alternatives to ani
mal testing while maintaining rigorous safety standards.
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