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Abstract

Modern toxicology is evolving to leverage data science ap-
proaches to better address complex public health concerns.
Understanding the adverse health impacts of exposure is a
multifactorial endeavor, which requires working across a vari-
ety of data types. These data are often siloed, and integration
has required manual curation and extraction. In this review, we
present the utility of adopting ontologies and semantic
methods to bring disparate data into a scientifically meaningful
context to drive novel scientific insights. Existing semantic
standards have not been widely utilized in toxicology. Broader
adoption of ontologies, together with increased data sharing,
will improve a researcher’s ability to integrate, navigate, and
analyze vast amounts of heterogeneous data—allowing for
more rapid assessment of chemical(s) safety and biological
mechanisms. Recent efforts have aimed to define and realize
the establishment of a data ecosystem or “commons” whereby
data are shared for use by all in a common infrastructure,
thereby increasing the value of government-funded data sets.
Investment in making data “born interoperable” using common
semantics could bring computational resources to bear on
issues that are solely reliant on manual and expert assess-
ment. Here, we introduce the concept of ontologies and pre-
sent our vision for computationally enabled semantic
toxicology.
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1. The promise of ontological applications
in toxicology
There are significant changes that have driven the use of
scientific computing and data-driven approaches in
modern toxicology. While data are being generated at an
unprecedented rate, the importance of existing study
www.sciencedirect.com
data, such as critical animal studies, has increased the
need to maximize the utility of data resources. Within
biomedicine, there have been significant advances in
the creation and application of data standards and
ontology-driven computation that have improved data
reuse and integration, as well as enabling emerging data
science tools such as artificial intelligence.

An ontology is a computer readable structure that
represents entities and relationships between en-
tities [26]. Ontologies are similar to controlled vo-

cabularies but include relationships between
concepts represented using formal logic. This is a
critical feature for the application of computational
inference that holds such promise in maximizing
existing data resources.

Ontological approaches to significantly advance infor-
mation generation from diverse data have been applied
in other domains. Perhaps the most high-profile appli-
cation outside the biomedicine has been the Google
Knowledge Graph. Released in 2012, the knowledge

graph augmented the traditional text-based search
strategy to provide more contextualized information to
users, such as returning the hours and location of a
restaurant instead of just a link to the web page. A more
culturally relevant example might be IBM’s Watson,
which used knowledge graphs and machine learning to
interpret and answer questions on the Jeopardy! game
show. In 2018, Google released data search, which le-
verages the ontology, schema.org, to allow users to
search hundreds of data repositories in one query. On-
tologies have enabled smart home Internet of
Things services [59] and mining of electronic health

record (EHR) records to identifying single nucleotide
polymorphism (SNPs) associated with type 2 diabetes
mellitus [51]. All of these examples illustrate the po-
tential for ontologies to make semantic interpretation
possible at the largest scales and with almost any data
type.

In this article, we offer a descriptive and prescriptive
vision for how semantic technologies can address this
paucity in the toxicological sciences. Ultimately, we
argue that the large-scale adoption of ontologies across

the field will help translate unprecedented volumes of
data into more informed scientific, public health, and
regulatory decisions.
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2. Toxicology as a big data discipline
Much has been written about the explosion of

biomedical data that has been largely driven by the
genomic revolution [24]. In addition to the increasing
availability and volume of genomic data, toxicologists
have seen a dramatic increase in data through the
adoption of high-throughput assays. The importance of
these assays for increasing the speed, decreasing the
cost, and reducing the burden of animal testing for
chemical safety assessment was notably described in the
NAS Toxicity Testing in the 21st Century: A Vision and a
Strategy [48]. Within toxicology, this has meant a rapid
increase in the heterogeneity as well as the volume of

data. Modern toxicology now includes data from high-
throughput genomic, proteomic, metabolomic, phar-
macokinetic, behavioral, dietary, microbiome, expres-
sion assays, and wearables to prioritize chemical testing
and to garner insight into environmental contributors to
the etiology of disease [1,5,7,20,25,63,67].

Understanding how genetics and the environment syn-
ergistically combine and contribute to overall health is
necessarily cross disciplinary. Such assessment will rely
on our ability to perform data integration across sources

and data modalities to access lines of evidence for pre-
cursor events and pathwaysdwhich are currently largely
performed by expert, manual assessment. While expert
scientific judgment will always play a critical role in
advancing our understanding of toxicological data [17],
continued reliance on manual human interpretation
limits the possibilities for data-driven discovery. New
approaches that leverage ontology-driven computation
alongside expert interpretation have the potential to
drive new innovations [8].

In the risk assessment domain, regulatory bodies, such
as the US Food and Drug Administration [10] and the
EU European Chemicals Agency [9], rely on structured
electronic data to support data-intensive assessments of
chemical and pharmaceutical safety [18,22]. These
regulatory requirements to assess a growing number of
chemicals and drugs, coupled with animal-testing
reduction goals, have increased the need to derive in-
sights from existing in vivo, in vitro, and high-throughput
assay data [28,56,60]. Most recently, the Toxic Sub-
stances Control Act regulatory reform under the Frank

R. Lautenberg Chemical Safety for the 21st Century Act
and its administration by the US Environmental Pro-
tection Agency has placed an increased emphasis on
gathering and assessment of data in hazard de-
terminations [37].

In short, there is a current tension that is somewhat
unique to toxicology; on the one hand, we are generating
more data and more data types than ever before that are
relevant to understanding human health effects, and on
the other hand, the regulatory bodies, new exposure
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types/scenarios, and ethical requirements are needing us
to derive much more knowledge from limited resources.
There is therefore a significant and broad opportunity
cost in continuing to underutilize existing data assets.
Accessing and enabling data integration could support
novel investigations into health impacts of chemical
mixtures [29], causal inference [21], weight of evidence
[40], systems toxicology approaches [34,38], predictive

modeling for chemical alternatives [6], and exposome
analytics [4,54] to name a few. At present, these appli-
cations and the larger ability of environmental health
scientists to capitalize on data science approaches such
as machine learning/artificial intelligence are hampered
by the paucity of frameworks for integrating and inter-
preting across siloed toxicological data sources.
3. Deriving value from data
A siloed data set, isolated from related information and
perhaps lacking comprehensive descriptors, has limited
value [69]. In risk assessment, a data resource, in addi-
tion to the statistical analyses and metadata needs that
all scientific data share, requires a “weight of evidence”
approach that accumulates support from multiple in-
dependent sources before a fact is accepted [2,11,65].

Corroborating findings across studies or data sets can
increase the value of a data set by contributing to the
weight of evidence. For example, a toxicology study
identifying the interference of a substance with a bio-
logical process becomes more useful when combined
with a study showing the genes that control that process,
a study showing the phenotypes that result from that
process, and another study linking those phenotypes to a
disease [11,55]. Data become increasingly more valu-
able to determine the weight of the evidence when
accompanied by sufficient descriptors [23,30]; it is
therefore especially critical to utilize community stan-

dards and well-formed identifiers to identify research
data elements [43]. In this context, ontologies such as
the Scientific Evidence and Provenance Ontology [12]
can be better utilized to determine the degree of
corroboration. It is this contextualization of data that
enables meaningful integration and derivation knowl-
edge, making the data “valuable” in a way that advances
public and environmental health.

Knowledge graphs are an emerging form of database
structure that can accommodate large, complicated data

sets for advanced search and support artificial intelli-
gence applications. Google adopted this approach in
2012, and it has long been the data infrastructure behind
Wikipedia [52]. One such instance of a biomedical
knowledge graph is SciGraph, and it can be accessed via
the Monarch Initiative Web site and application pro-
gramming interface (API) [46]. Currently, most toxi-
cology information is not a part of this knowledge graph,
with the exception of a handful of resources including
the Comparative Toxicogenomics Database [16,47].
www.sciencedirect.com
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In order for the toxicology community to leverage the
full potential of their data by joining this biomedical
data ecosystem, further format, nomenclature, meta-
data, and identifier standardization need to be adopted.
Adoption of these standards will allow transformation of
the data into common knowledge graphs. One can
imagine a future ecosystem of data resources that sup-
ports exchange and integration through common se-

mantics, making the knowledge graph worth more than
the sum of its parts. In addition, integrating toxicology
data into a broader data ecosystem could spur innovation
in tooling for the field by removing the challenge of
meaningful data availability for analysts and software
developers.
4. Data standards for comparable and
consistent classification
The development of useful, sustainable, and
community-driven data standards is a major undertaking
that requires careful thought. Standards development is
not thought of by many as “science” yet forms much of
the bedrock of scientific data resources [23,30]. The
standards process can be driven by a dedicated few, but
development is a community effort. It takes equal parts

domain knowledge, discipline, social engineering, and
long-term sustainability planning. Standards come in
three different flavors:
Figure 1

Integration of disparate data. Data increase in scientific value as they are com
often performed manually, can be custom scripted, or through some combinat
community, but there is currently a lack of a generalizable data ecosystem th

www.sciencedirect.com
1. Format: This refers to the actual structure of the data
files and what format they are in. Should data be in
CSV or TXT files? Specialty disciplines need spe-
cialty formats, such as for genomic data (VCF) or
imaging cytometry (.ics). For example, for a CSV file
format, how should the columns and rows be struc-
tured? Is there a header row? How will dates be re-
ported? Will there be a readMe or a meta file and is
this file computationally actionable given the data
file?

2. Content: This refers to the file contents. Some

standards mandate a specific suite of metadata to
accompany a specific type of data. For example, a
data set containing patient’s cholesterol measure-
ments could also require the patient’s age, fasting
status, and medication status. Content is often
numeric, and ranges are often defined for specific
variables.

3. Identifiers/vocabularies: This refers to the exact
terms used to describe what is being represented in
the data file. For example, a standard may require that
a variable representing the concentration of a chem-
ical in water represent that chemical using a Uniform

Resource Identifier with the units given in a readMe.
This is the type of standard that adds semantics to
the data if the identifiers used are part of an ontology
(Uniform Resource Identifier) or knowledge graph.
bined and compared across types and sources. This integration of data is
ion of manual work and scripting. A few large data resources exist for the
at would further increase data utility.
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Figure 2

Building an exposure and outcomes representation using ontol-
ogies. A simple approach to using existing ontologies to represent envi-
ronmental exposure. Exposures can be built using terms from the CHEBI,
ontology for biomedical investigations (OBI), and EnvO ontologies (blue).
Outcomes can be built using MONDO and HPO (blue). Phenotypes are
linked to diseases, but they are also composed of other ontologies that
describe anatomy (UBERON), traits phenotype and trait ontology (PATO),
cell parts (GO) and biological processes (GO). In this way, knowledge
representation in toxicology can leverage existing work. CHEBI, Chemical
Entities of Biological Interest.
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While the need for data quality, data descriptions
(i.e. metadata or data dictionaries), and file formats is
well-acknowledged, limitations to deriving value from a

data set, the application of clear and defined labels and
identifiers, or their use in common data models across
sources, within data sets is less widely emphasized.
Ontologies provide a mechanism for standard de-
scriptors of data. Many of the standards and identifiers
that are needed in toxicology already exist within the
larger bio-ontology community, having been developed
by other related user communities. The Gene Ontology
(GO) [62] describes genes, proteins, biological pro-
cesses, and cell parts. Uberon describes anatomical
parts, the Cell Ontology cell types. The Chemical En-

tities of Biological Interest [19,42] describes chemicals.
The Human Phenotype Ontology (HPO) [35,36] de-
scribes phenotypes. The Monarch Disease Resource
(MONDO) [45] describes diseases and integrates them
from different sources; similarly, the Environments,
Exposures, and Treatments Ontology describes and in-
tegrates exposure terms. The aforementioned are only a
few of the ontologies relevant for toxicology. The use-
fulness of these ontologies relies not only on the crea-
tion of persistent, unique identifiers for concepts but
also in the relationships of the concepts to each other.
Current Opinion in Toxicology 2019, 16:67–74
For example, in MONDO, “heart lymphoma” is a sub-
class of “heart disease” with seven synonyms. This
means that a user can search for “heart disease” and be
reasonably assured to get all the data relating to any
synonym or a subclass thereof. Concepts can also be
related across ontologies. For example, MONDO and
HPO classes are related to each other using the Re-
lations Ontology to link phenotypes to diseases, such as

linking heart murmur and long limbs to Marfan Syn-
drome. This ontological structure provisioned with
empirically derived assertions is called a knowledge
graph [3].

One of the most important things in managing data for
semantic integration is good identifier hygiene. In
Toxicology, chemicals are identified using their CASRN,
and genes can be organized by their NCBI Gene IDs.
Diseases are often represented using MeSH and OMIM
identifiers and are harmonized in MONDO. However, it

is not only the identifiers of these data types but also the
relationships that are used to link them. For example,
there are many relationships between genes and dis-
eases, conflating causality with modifier status can lead
to very incorrect conclusions. Use of entity identifiers
and alignment of the relationships between themmeans
that these data can be interlinked between the many
databases within the Toxicology Data Network [49]. If
the identifiers and their relationships both follow the
same standard (such as use of the biolink-model stan-
dard), then these identifiers provide the ability to create

a knowledge graph. The more data that comply with
these standards, the more data can be brought into the
knowledge graph and the more valuable the entire
system becomes.

Exploiting the promise of big data in toxicology relies on
our ability to align data across subdisciplines and sour-
ces. For example, over 20 years ago, veterinarians
noticed a dramatic increase in feline hyperthyroidism in
house cats [44,50,53]. This has since been linked to
household exposure to brominated flame retardants and
provided mechanistic support to the growing investiga-

tion of effects on thyroid hormone levels in people, with
particular concern on understanding effects of endo-
crine disruption in young children, whose exposure to
these flame retardants through dust is higher than older
children and adults [41]. The study of these effects is
still an active area of research decades after the initial
veterinary diagnosis was made and relies on connections
that were made by experts. Ontology-based data inte-
gration is one tool that could speed up these linkages
across domains and bring potential public health issues
to light (see Figure. 1).
5. Ontologies for data integration
Large-scale toxicology data integration efforts are still
relatively young [15]. A first critical step and a necessary
www.sciencedirect.com
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precondition toward leveraging the power of machine
learning/artificial intelligence to predict chemical
toxicity is the development of toxicology-focused on-
tologies which will allow the integration of data across
years of studies and high-throughput tox assays
(Wambaugh et al., 2013) [64]. A central challenge to the
development of such ontologies continues to be the
heterogeneity of data types in the field, which includes

concepts such as chemical agent, biological pathways,
genetic interactions, dosages, duration, and treatment
conditions. Additionally, like data, ontologies can be of
variable quality. The Open Biological and Biomedical
Ontologies Foundry is one group that tries to establish
quality standards for these ontologies and critically
emphasizes standards that allow ontologies to be inte-
grated in a building block approach (Figure 2) [57].

Much like ontology-based tools in other disciplines
(e.g. Monarch), toxicology ontologies such as OpenTox

[61], eTOX [13], eNanoMapper [32], and the adverse
outcome pathway (AOP) ontology [31] combine exist-
ing ontologies such as GO, the Disease Ontology, and
phenotype ontologies (e.g. HPO) within a larger
framework linking chemical agents and/or cellular
events to downstream biological events. For example,
the OpenTox ontology, which was among the first
centralized efforts to create a toxicology-specific
ontology, connects chemical agent endpoints to genic,
Figure 3

Mapping toxicology knowledge to the biomedical knowledge graph. Envir
any biomarkers (mustard), and empirically derived (from study results) outcom
cupations, genes, and functions, which adds value to the original toxicologica
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cellular, and organismal outcomes. More recently
developed ontologies have focused more specifically on
facilitating computational prediction. For example, the
recently developed AOP ontology formalizes the struc-
ture of Adverse Outcome Pathways (Wittwehr et al.,
2017) [68] with the aim of centralizing the collection of
AOPs across toxicity studies. The AOP ontology was
specifically designed to integrate data across high-

throughput tox screens and to facilitate the computa-
tional prediction of new AOPs as new data are added.

A central goal for both ontologies is to marry the
increasing capacity for toxicology data generation to
artificial intelligence methods made possible by
increasing computational capacity. The OpenTox,
eTOX, and AOP projects have since created centralized
data repositories with the OpenToxipedia [61], eTOX-
sys [58], and the AOPKnowledgebase [31], respectively.
Data integration tools such as Monarch, rely on large

semantically integrated data sets to provide cross-
species queries of genotypes and phenotypes. Despite
the utility of these existing data resources, the majority
of toxicological data remains outside of a database or
repository and lacks semantic standardization. Data
sharing efforts coupled with semantic standards have
the potential to significantly increase the knowledge
that can be generated from existing resources. It is not
difficult to imagine a nearly instantaneous
onmental exposures (green) can be linked to their route of exposure (blue),
es (red and orange). This graph can expand to represent locations, oc-
l conclusion.

Current Opinion in Toxicology 2019, 16:67–74
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computational integration of in vitro bioassay data with
results from observational studies [27] and specific local
population and exposure data. This includes use of
in vitro bioassay data in combination with exposure es-
timates to derive a quantitative assessment of risk [33].

In the future, we imagine that further adoption of these
approaches will lead to support for the development of

queries and tools that are capable of crossing systems
and domains. Fully semantic toxicology data could join
the larger biomedical knowledge graph via links from
exposures to the outcome phenotype or disease
(Figure 3).
6. Conclusion
The field of toxicology has found itself immersed in
problems that go hand-in-hand with taking the leap into
big data. Other disciplines have successfully used on-
tologies to help mitigate these problems, but this can
only happen after a community-driven effort to develop
and maintain data standards. Currently available se-
mantic resources for toxicology show lack of community
involvement and little uptake. Much of the semantic
technology needed by toxicology has already been

developed, but bringing the research benefits to full
fruition requires a few, highly-collaborative components
that only the user community can provide. Once in
place, barriers, such as aggregating toxicological end-
points across organisms, will be much easier overcome.
The cost of developing community standards is dwarfed
by the research benefits of joining the larger biomedical
knowledge graph and achieving toxicology’s ultimate
goal which is to address current and emerging public
health concerns.
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