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Humanity is facing unprecedented challenges in the 21st

century in the forms of climate change, degradation of the natural

and built environment, pandemics, and global inequality in the

impacts of these stressors. Governments and industries have

indicated their commitment to addressing these challenges

through innovation. We are already in the midst of applying

novel technologies to energy generation and distribution, trans-

portation, vaccine and medicine development, disease vector

control, raw material sourcing, and others. Each of these is

dependent on its own set of chemistries, all of which need to be

assessed for safety.

Scientists and regulators have long relied on animal tests

as the basis for identifying the hazards of chemicals and for

determining the conditions under which people can be exposed

without incurring risk. The animal testing paradigm has

provided a solid basis for hazard and risk assessment; the vast

majority of chemical regulatory standards are based on animal

data and appear to be health protective. However, there are

important limitations to animal testing; although themechanisms

of action of toxicants are largely equivalent between humans and

lab animal models, there are differences in pharmacokinetics,

metabolism, and pharmacodynamics such that the concordance

between human and lab animal results is not perfect, and there

are ethical issues with the continuing use of animals when

alternatives are available. Furthermore, animal testing has

limited capacity; it has not kept pace with regulatory needs,

particularly for compliance with chemical regulatory laws like

Europe’s Registration, Evaluation, Authorisation and Restriction

of Chemicals (REACH). Finally, the animal testing battery does not

evaluate every possible adverse outcome (although it is probable

that most potential modes of action are covered). Meanwhile,

nonanimal methods have improved to the extent that they

can supplement animal testing and even replace it for some

toxicity endpoints. The improvements are largely attributable to

advances in toxicology that have identified modes of action and

interdisciplinary science that has led to biotechnology and

computational power that make it possible to understand and

measure chemical-biological interactions at the molecular level

that underlie adverse responses. Significant advances in under-

standing biological responses to chemicals has led to a different

approach for predicting toxicity that is more focused on the

initial events leading to adverse outcomes, an approach that

has been termed 21st century toxicology.

In North America, reducing the use of animals in toxicity

testing is a priority for both the U.S. EPA and U.S. FDA (U.S. EPA,

2020; U.S. FDA, 2017) although the Canadian federal government

announced its goal to eliminate animal testing by 2035. In

Europe, the European Parliament has adopted a resolution for

developing an action plan to phase out the use of animals in

research and testing. With these international priorities in mind,
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we drafted this thought piece as a way of sharing our views on

what will be required to meet these goals.

SOME SUCCESS STORIES

It is beyond the scope of this article to provide a complete state of

the science of nonanimal methods, but it is worth providing an

example or two that illustrate how scientific advances are allow-

ing us to address chemical risk and hazard assessment needs in

new ways. The first example is the prioritization of chemicals for

further testing using high-throughput assays. There are many

more chemicals in commerce and the environment than have

been tested for toxicity, largely because it is beyond the capacity

of the animal testing industry. Chemicals are prioritized for test-

ing based on production volume or the potential for widespread

exposure (usually through use in a consumer product), both of

which are surrogates for exposure assessment, but not potential

for biological effect. High-throughput methods such as ToxCast

(Kavlock et al., 2008), high-throughput transcriptomics (De Abrew

et al., 2019; Harrill et al. 2021), and high-throughput phenotypic

profiling (Nyffeler et al., 2020) have been shown to have the ability

to generate information on biological activity for hundreds to

thousands of chemicals in a reasonable timeframe, which can

be combined with toxicokinetics and screening level exposure

assessment to prioritize chemicals with the highest potential risk

(a function of exposure and biological activity), for more compre-

hensive testing. There are still some types of chemicals that can-

not easily be tested in these high-throughput systems because of

physical chemistry limitations (eg, solubility). Further research

will be needed to either modify existing methods or to evaluate

these substances in a different way.

The second example is the highly successful development of

nonanimal alternatives for skin sensitization. Skin allergy occurs

when small, reactive molecules are absorbed through the skin and

covalently react with endogenous peptides to form a complex that

the immune system interprets as foreign, thereby initiating an

allergic response. Although this is a complex process that involves

responses at multiple levels of biological organization, modeling

just a few key events—absorption and metabolic transformation,

peptide reactivity, and immune cell activation—is sufficient to

predict sensitization potential (Gerberick, 2016).

In both examples, our increasing level of knowledge of the

underlying mechanisms that lead to toxicity, much of it based

on animal studies, made it possible to develop approaches that

address key safety questions without animals. It is important to

acknowledge that we do not yet know every mechanism of toxicity

so there are likely to be gaps in the testing battery; however, a great

deal is known about the range of modes of action for toxicants

led to the informed selection of a battery of assays (for high-

throughput screening) or cell types (for high-throughput transcrip-

tomics and phenotypic profiling) that can effectively cover the

chemical universe, at least for the purpose of early screening (eg,

Richard et al., 2021). In the second instance, an understanding

of the adverse outcome pathway for skin sensitization informed

the selection of key events for which assaymethods could be devel-

oped. In theory, it should be possible to use the same strategy for

other aspects of toxicity. The logic used in this approach has been

incorporated into an integrated approach for testing and assess-

ment (IATA) for skin sensitization (OECD, 2016).

APPROACHES FOR REPEAT-DOSE TOXICITY

Systemic toxicity, reproductive toxicity and other forms of tox-

icity in which repeated exposures lead to effects that are distant

from the site of exposure and may have a latency period before

being expressed, will be a significant challenge for which to

develop nonanimal replacements. These forms of toxicity

are often the result of the interplay among multiple biological

pathways and detection has heretofore required an integrated

system (an intact animal) that incorporates all biological inter-

actions. The Risk21 report from the U.S. National Academy of

Sciences proposed a framework for predictive toxicology that

combines computational and biotechnology methods to address

repeat-dose toxicity (NASEM, 2017). The initial approach is via

read-across, with the idea that in time, the assays that support

read-across will become sufficiently comprehensive of modes of

toxicity that we will have confidence in the results.

At present, the only accepted alternative for repeat-dose

endpoints is read-across. Read across is an extrapolation: the

toxicity profile of a target chemical can be inferred to be equiva-

lent to that of a close analog, either because they are converted

in vivo to the same metabolite or they are expected to have the

same molecular target(s). ECHA has published a read-across

assessment framework (RAAF) to provide guidance on the process

(ECHA, 2017).

There are two elements of read-across that have been devel-

oped to a significant degree: cheminformatic approaches for

identifying suitable analogs, and rapid biotechnology methods

for verifying that 2 or more analogs have comparable biological

function. The identification of analogs has been helped signifi-

cantly by the creation of relational databases that support

searches based on chemical structure. The largest of these that

is available to the public is the EPA’s Computational Toxicology

Chemicals Dashboard, which has hundreds of thousands

of chemical structures. The dashboard also has tools such as

generalized read-across (GenRA) for determining analog simi-

larity based on a variety of structural and biological descriptors

(Helman et al., 2019b). In practice, the structural similarity

should only be considered as a starting place. Analogs identified

in this way should then be evaluated by chemists using expert-

derived rules (eg, Blackburn et al., 2011) to filter out those instan-

ces where specific chemical features would dramatically change

the toxicity profile. It is also important to systematically charac-

terize uncertainty (Helman et al., 2019a). Further advancements

in this area will include the identification of molecular scaffolds

that can be searched for, and automation of expert rules. The

availability of large datasets on bioactivity combined with

chemical structure information is also fueling the development

of more accurate quantitative structure-activity relationship

(QSAR) models (eg, Mansouri et al., 2020). These models may

also be useful in designing safer products by screening out

chemicals with undesirable toxicity characteristics.

Many proof-of-concept projects demonstrate the ability of

global gene expression analysis to determine whether biological

activity is comparable between analogs (De Abrew et al., 2016,

2019; Harrill et al., 2021). These compare gene expression signa-

tures using statistical algorithms. Work is in progress to deter-

mine the optimal number of genes to evaluate and the number

of cell types needed to provide good coverage of biological

responses to toxicants. These projects are producing a signifi-

cant amount of data. The NIH LINCS (Library of Integrated

Network-based Cellular Signals) data set contains gene expres-

sion signatures for more than 16 000 small molecules

(Subramanian et al. 2017) and this has been supplemented with

a growing number of industrial chemicals (De Abrew et al.,

2019). As the data set grows larger, it should be possible to rely

on biological screening as a means of identifying functional

analogs (chemicals with the same mode of action, regardless of
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chemical similarity) and to evaluate complex mixtures (eg, nat-

ural products, petroleum refinery streams) for biological activity

and batch-to-batch similarity. The more chemicals tested, the

larger the scope of chemistry space that can be reliably evalu-

ated using these methods. The large amount of data within the

ToxCast database is also proving useful as a readout of bio-

logical activity. Careful analysis of the data is providing insight

into the strengths and limitations of individual assay systems

(Zurlinden et al., 2020) and in optimizing data representation

and interpretation (Blackburn et al., 2020). Of course, there are

some chemicals with no specific biological target. For these

chemicals, the use of general biological activity across a range

of assays and cell types has been shown to provide a protective

point-of-departure for risk assessment (Nyffeler et al., 2020;

Paul-Friedman et al., 2020; Thomas et al., 2019).

There will also be instances in which the chemistry of a new

substance is sufficiently different from the historical database

that it will not be possible to use tested analogs as the basis for

risk assessment. In those instances, the application of a tiered

testing approach combining high-throughput in vitro assays

with more sophisticated in vitro systems (eg, multitissue orga-

noids; Fedorchak et al., 2021) and computational simulations of

biological processes may be used (Thomas et al., 2019). Cell

agent-based models have been shown to recapitulate normal

developmental processes (Adhyapok et al., 2021) and even be

sensitive to teratogens (Kleinstreuer et al., 2013).

NEXT STEPS

We already have significant momentum in understanding the

mechanisms that underlie toxicity, and in the development of

in vitro and cheminformatic approaches to query those mecha-

nisms. Using these methods in support of read-across is allow-

ing us to gain experience in conducting and interpreting them,

as well as in refining them for better performance. To reach the

goal of replacing animal testing, it will be necessary to continue

to develop these methods while also working on more complex,

integrative models, which will be necessary for new chemistries

that have few or no analogs with animal toxicology data. At the

same time, our understanding of the key steps involved in tox-

icity will continue to develop through the use of novel

approaches and technologies such as ontologies and artificial

intelligence, which will also improve predictive capabilities

(Mahony et al., 2020).

It may be useful for planning purposes to construct a series

of interim milestones. ToxCast and Tox21 have already tested

approximately 10 000 chemicals; given the extent of data gener-

ation in high-throughput transcriptomic and phenotypic profil-

ing studies, it should be possible within the next 5 years to

generate gene expression or phenotypic signatures for as many

chemicals in multiple cell types. These data, along with the

pharmacological agents and genetic manipulations in the

LINCS database should be sufficient to support virtually all

read-across applications while also elucidating functional rela-

tionships among chemicals which may not be structurally close

but still interact with the same biological target. With further

data generation and experience, it will be possible to assess

chemicals and mixtures for which there are no analogs. QSARs

based on mechanistic information will be made possible

through the generation of this information. This large data set

will also address the question about the number of cell types

and targets needed to cover the range of biological responses

relevant for toxicity, and also provide sufficient confidence that

chemicals which elicit no biological activity in a comprehensive

assay battery have little or no toxicity potential. Other advances

that are possible within 5 years are codification of expert rules

for determining the suitability of analogs for read-across,

broader application of in vitro test systems for volatile and semi-

volatile chemicals (Zavala et al., 2018), the routine incorporation

of metabolizing systems into in vitro assays (Deisenroth et al.,

2020a), improved predictive models of chemical disposition

within in vitro test systems, and implementation of tools for ex-

trapolating pharmacokinetic data across analogs (Breen et al.,

2021; Ellison and Wu, 2020). These will be needed for better

point of departure estimation from read-across assessments.

Responses at the molecular level are indicators of the poten-

tial for biological activity, but not necessarily adversity. It will

be important to continue to elucidate adverse outcome path-

ways in order to understand which responses are key events

leading to adversity, and how much of a response is necessary

to trigger downstream events. There are likely to be tipping

points, such as those proposed for liver function (Shah et al.,

2016), that define the magnitude of response needed to disturb

homeostasis and lead to a recognizably abnormal physiological

state. Developing integrated systems-level approaches that will

be needed to understand the links between responses at the

molecular level and adverse outcome will take longer. Progress

has been made using zebrafish (Garcia et al., 2016) and

Caenorhabditis elegans (Allard et al., 2013) for high-throughput

screening (although these may still be considered to be animal

models), construction of multicell type organoids that resemble

in vivo tissues (Deisenroth et al., 2020b; Fedorchak et al., 2021)

and cell agent-based models that recapitulate in vivo biological

processes and can be used for high-throughput hypothesis test-

ing (Leung et al., 2016). Each of these approaches has been

shown to be useful at least at the proof-of-concept level.

Further research in this area will be essential in identifying the

key steps in the pathways between chemical-biological interac-

tion and adverse effect. Within 10 years, we expect that one or

more of these methods will have been used to fully elucidate

several of these pathways, and by 2035 will be in routine use as

a read-across replacement for at least some new-to-the-world

chemistries.

It needs to be acknowledged that some of the obstacles to

adopting a new paradigm for safety assessment are regulatory,

not scientific. Many regulatory frameworks are built on the

identification and classification of hazards, which requires data

that identify adverse effects. Addressing this problem will re-

quire two important changes: first, the acknowledgement that

there will not be a one-for-one replacement of the information

requirements from a repeat dose toxicity test with an in vitro

test, and second, that it is possible to regulate chemicals based

on their mode of action rather than the adverse outcomes they

cause. The chemical management systems in place now will

need to be changed to make use of non-animal systems as more

than just supportive information, and there will need to be ex-

tensive training of scientists and regulators in interpreting data

from new methodologies. An era in need of innovation and new

chemistries will need novel regulatory approaches to chemical

safety. For example, new information requirements and new

approaches to assess multiple data streams will require techni-

cal guidance documents in support of hazard characterization

and chemical management system. Co-creation of a novel

chemical management system with government, industry and

academic partners may be required. Together with regulatory

interpretation of chemical-biological interactions at the molec-

ular level, we anticipate that an improved understanding of

exposures (such as ExpoCast; Thomas et al., 2019) will be part of
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the information requirements for a novel approach to chemical

management.

To meet these goals, commitments will need to be made for

cross-sector research collaboration and funding and for data

sharing on a broad scale. This emphasizes the importance of

“the three Is”: interdisciplinary, intersectoral, and international

collaboration. Since the start of the genomics era, sharing of

gene expression data has been mandatory for publication and

has been an important catalyst in moving this area forward.

This model should be expanded to include data being developed

from all new approach methods, with few or no exceptions. As

for collaborations, there are already many good examples of

cross-industry, cross-government, and industry-government

partnerships (Tox21, APCRA, SEURAT, CE LRSS, EPAA, and

others); these need to be continued. Currently, there are some

resources being expended at a federal government level (Tox21

in the United States, various Horizon projects in the EU includ-

ing the recently initiated ASPIS project cluster [aspis-cluster.-

com]), and cross-industry (especially the LRSS) which should be

continued and expanded in scope. Ideally, a cross-sector um-

brella group can be created so that approaches can be shared,

and duplication of effort minimized. This exists to some extent

in Europe with the EPAA but needs to be extended globally.

In conclusion, there is much to be done to achieve a goal of

nonanimal-based safety assessment, but the foundation is in

place to drive toward this goal. Inclusion of new approach

methods data in read-across submissions is important not just

to support the read-across but also to familiarize scientists in

industry, academia, and regulatory agencies with their

strengths and limitations. In addition, more flexible approaches

may need to be adopted for chemical assessment. This does not

mean a laxer approach; instead, we advocate an approach that

takes advantage of data from multiple levels of biological orga-

nization, with a mode of action focus instead of a strictly ad-

verse outcome focus. We also call for continued research

support, along with strong cross-sector partnerships that are

built on achieving a common goal of better and more compre-

hensive assessment of chemical safety.
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