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ABSTRACT

Developmental and reproductive toxicity (DART) are key regulatory endpoints for the protection of human health. DART assessments require large numbers of
animals, are expensive and often run at late stages of drug development. Therefore, new approach methodologies (NAMs) are being developed to transition away
from animal testing. These NAMs (including in silico models) can be used to screen for DART hazards at the early stages of compound development and may in the
future be used for regulatory DART assessments. Due to the implications of a mischaracterised developmental toxicant, both high confidence and understanding of
the assessments made using NAMs will be required; it is likely that multiple NAMs will be needed in order to replace the current animal-based assessments. Adverse
outcome pathways (AOPs) serve as a pragmatic tool for documenting mechanisms of toxicity. NAMs can be associated to key events (KEs) along an AOP, providing
context to their outputs, and therefore increasing confidence in their use. It is likely that networks of pathways will be required for a specific toxicity endpoint in
order to confidently apply an AOP-based approach to safety assessments. An insufficient number of DART AOPs are currently described within the public domain;
therefore, using a literature-based approach, a network consisting of 340 KEs (including 68 MIEs) was developed. This foundation of pathways was made chemically
aware through the association of relevant assays, data and expert rule-based structural alerts to appropriate KEs. The use of the network as a hazard screening tool
was assessed, and the application of this to aid an ICH S5 workflow investigated. The knowledge captured within this AOP network can also guide the further

development and use of DART-relevant NAMs and integrated approaches to testing and assessments (IATAs).

1. Introduction

Developmental and reproductive toxicity (DART) is an important set
of toxicity endpoints that many industries use to determine a substance’s
potential to affect the ability to reproduce or impair the pre- and post-
natal development of offspring. Regulatory guidance for DART testing
came to prominence following the 1950 s-60 s thalidomide disaster, and
have subsequently been refined [1]. In the current paradigm, the regu-
latory assessment of DART is undertaken using both rodent and non-
rodent species [2]; as DART can impact the whole life cycle, a
comprehensive assessment requires multiple studies to be performed at
various life stages. Although these studies adequately identify potential
toxicants, there are several limitations [3]. The requirement of multiple
species and generations leads to high costs and large numbers of animals
being used per study [4-6]. When considering industrial chemicals, it is
thought that the number of animals required to test and register existing
chemicals (under registration, evaluation, authorisation and restriction
of chemicals (REACH) regulations) is impractically high (estimated to be
up to 22 million vertebrates) [7,8]. Animal models provide limited in-
sights into the mechanism of toxicity (e.g. through plasma hormone
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concentrations), as they are predominantly performed to identify gross/
physical malformations (e.g. skeletal malformations) [9]. Finally,
regulatory-relevant DART assessments are typically run at relatively late
stages of chemical development [10,11] — therefore, depending on the
intended use of the chemical, an adverse finding can result in the late
termination of the development of a compound. As a result of these
limitations, many new approach methodologies (NAMs) are being
developed to align DART testing with the 3Rs of animal testing —
reduction, refinement, and replacement [5] — and provide cheaper and
earlier assessments of DART liabilities.

While it has been noted that no formally accepted definition of a
NAM yet exists [12]; generally (and for the purposes of this work), NAMs
are broadly accepted as alternatives to traditional mammalian methods,
which can provide information regarding the hazards or risks posed by
chemicals [13,14]. Examples of current NAMs include in silico and in
vitro approaches [13,14]. Additionally within the field of DART, NAMs
based on non-mammalian in vivo (alternative species) approaches have
also been developed [5,15,16]. (Quantitative) structure-activity re-
lationships ((Q)SARs) provide an example of an in silico-based NAM
[14]. (Q)SAR models commonly predict for specific toxicity endpoints
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(e.g. carcinogenicity or skin sensitisation) using historical data, and can
be based on statistical correlations or expert-derived structure-activity
relationships (SARs). Several DART-relevant (Q)SAR tools are available
[17], including the commercially available SAR tool Derek Nexus which
contains a suite of expert-derived SAR alerts for DART endpoints [18]
(Fig. 1A). (Q)SAR tools provide a rapid means of identifying toxicity
hazards without requiring any compound to perform a test. Also,
depending on the level of curation of supporting information, these can
provide insights into the mechanism of toxicity (Fig. 1A). Despite the
benefits of DART (Q)SAR models, the coverage of chemical space in
which confident predictions can be made has been shown to be quite
limited [17,19]. In vitro NAMs focus on discrete biological events which
could be indicative of mechanisms related to a toxicity endpoint (e.g.
protein receptor binding or activation assays) [20], or represent
fundamental processes such as the differentiation of embryonic stem
cells [21]. Non-mammalian, whole organism NAMs (e.g. zebrafish
toxicity assays) provide a wholistic approach to limiting the use of
traditional animal models [16]. The use of either in vitro or non-
mammalian, whole organism NAMs as part of a safety assessment will
result in the generation of data which require interpretation and an
understanding of the relevance of their outputs to mechanisms of
toxicity. Additionally, data generated from these NAMs could be used to
train in silico models, the outputs of which would also require the above
contextualisation [22].

Adverse outcome pathways (AOPs) provide a formalised approach to
documenting the mechanisms of toxicity in which an interaction of an
exogenous substance with a biological system, through a molecular
initiating event (MIE), causes a cascade of key events (KEs) to occur —
eventually resulting in an adverse outcome (AO) [23]. Each KE should
be measurable and can be associated with one or more relevant assays or
in silico models. As a result, AOPs can facilitate the contextualisation of
NAMs and the systematic integration of multiple observed or predicted
effects along the whole AOP. This contextualisation of NAMs (as well as
traditional assays), means that AOPs have the potential to be a useful aid
in the transition to non-animal-based DART safety assessments;
enhancing the development and use of NAMs for hazard identification,
and aiding in the development of integrated approaches to testing and
assessment (IATAs) for regulatory purposes — in turn, helping to progress
the 3Rs of animal research [24,25].

It is likely that a network of many pathways will be required for AOPs
to successfully support the use of NAMs in DART testing. Examples of
well-documented DART-relevant AOPs exist within the AOP-Wiki and
published manuscripts [26-29]. However, the coverage of pathways
relating to known targets (e.g. MIEs) relevant to DART seems relatively
low within the public domain [30]. A contributing factor for this may be
that the development of AOPs can in itself be time- and resource-
consuming.

The volume of evidence used to support an AOP is incredibly
important as it not only influences the time required to develop the AOP,
but also the confidence in its application for safety assessments. When
developing a network of DART-relevant AOPs, different approaches can
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be used. At one extreme, a network of MIE-to-AO relationships could be
automatically generated using pre-prepared datasets (through a statis-
tical [30] or computer-generated approach); however, its application
would require expertise, for example to inject mechanistic knowledge or
address coincidental relationships resulting from biased training data.
Such a network could prove useful to allow hazard screening, but this
would provide little in the way of mechanistic understanding. At the
other extreme, an in-depth approach to developing the AOPs requires
vast volumes of evidence to be generated and curated into the pathways.
While this would result in well-characterised AOPs, the approach would
be very time- and labour-intensive which may be impractical for the
development of a network of AOPs. A useful intermediate approach,
balancing the time required to develop the network and the confidence
in the use of the network, would be a literature-based approach focusing
on repurposing existing knowledge and prioritising knowledge elements
for AOP generation (Fig. 1B) [22]. AOPs developed using a literature-
based approach would not only include the MIE-to-AO relationships
(produced using a statistical approach), but also provide plausible
mechanisms by which the MIE leads to the AO. The KEs describing the
mechanisms of toxicity could then be used to associate existing NAMs
and also to guide the development of new NAMs. These NAMs could
then be integrated into the AOP network, further enhancing confidence
in its application. This approach was taken for the work reported in this
manuscript.

Herein we outline the development of a network of AOPs for DART
endpoints and the subsequent association of assays, assay data and
expert rule-based alerts to relevant KEs. We then investigated two po-
tential use-cases that can be enhanced using the DART AOP framework:
the first was the development of a screening tool for DART hazards,
assessed against two datasets — a mammalian in vivo toxicity dataset, and
a zebrafish developmental toxicity study dataset [31]; the second use-
case focused on supporting a regulatory submission using NAM data,
as described in the most recent iteration of the ICH S5 guidelines (ICH S5
(R3) Guideline on detection of reproductive and developmental toxicity
for human pharmaceuticals) [2].

2. Methods
2.1. Target identification and AOP development

Biological targets (e.g. enzymes, receptors or signalling pathways)
relevant to DART were identified from: alert comments within the expert
rule-based SAR tool Derek Nexus [18], a publication by Wu et al.
describing a chemical and biological class-based DART decision tree
[32], and additional research and collaboration [33]. These biological
targets were shortlisted and prioritised for further investigation and AOP
development.

For the selected biological targets, evidence for their potential to
impact DART endpoints, and the related mechanisms, was investigated.
Where sufficient evidence suggested a biologically plausible link be-
tween perturbation of the target and the AO, an AOP was generated.

B Utilising structural alert knowledge for prototypical AOPs

Teratogenicity structural alert fired
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Fig. 1. A) Representation of how the SAR tool Derek Nexus can be used to make rapid predictions of toxic hazards — including examples of the supporting infor-
mation contained within a Derek Nexus structural alert. B) An example of how mechanistic information within a Derek Nexus alert can be used to develop pro-

totypical AOPs.
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Biological targets related to enzymes or receptors often translated to
MIEs within these pathways. When dealing with biological targets
relating to signalling pathways, steps were undertaken during the
literature review in order to identify the relevant proteins or enzymes to
serve as MIEs and KEs within the AOP. The focus was to develop a
network of mammalian-relevant pathways in which MIEs could be
causally linked to DART outcomes. For each target under investigation,
the initial aim was to develop a developmental toxicity pathway. If there
was insufficient evidence available in the literature, then evidence
relating to female fertility toxicity, male fertility toxicity or neuro-
developmental toxicity was reviewed and, where relevant, a pathway
was developed for one of these other endpoints. Various resources were
utilised when investigating each biological target. Initially, where
possible, relevant mechanistic information contained within the expert
rule-based software Derek Nexus [18] was extracted and used to develop
a prototypical AOP. In addition, literature-based searches (utilising re-
sources such as PubMed) were performed to identify relevant mecha-
nistic information which could be used to enhance the prototypical
AOPs or to aid in the full development of an AOP. These literature re-
views were performed using key word searches using terms to identify
evidence which could provide support for an AOP (e.g. [Biological
target] + [Teratogenicity]). For each target, searches were undertaken
for data relating to (1) DART studies for compounds known to interact
with the target (e.g. a binder, inhibitor or agonist/antagonist), and (2)
mechanistic studies examining the involvement of the target in DART.
Available mammalian-relevant evidence from in vitro and in vivo stressor
dosing studies, human cohort studies (where relevant), genetic animal
knockout studies or human genetic data was considered and used to
support the AOPs. Where available, the above evidence provided bio-
logical plausibility, empirical evidence and essentiality for the path-
ways, as described in the OECD ‘Users’ Handbook’ AOP development
document [34]. As a minimum, biological plausibility was required for
the delineation of each KER within a pathway and additional empirical
evidence and essentiality were included where available. Whilst
searching the literature, if published DART AOPs relating to a relevant
target were identified, these pre-existing pathways were reviewed and
(where appropriate) integrated into the network. Integration of these
pathways occurred after adaptation, in order to fit the terminology
within the DART AOP network or to associate additional supporting
evidence to the pathways.

Examples of the structure of the AOPs and the evidence used to
support them can be found in the 2022 and 2023 Myden et al. publi-
cations [22,33]. Information regarding the KEs and KERs of each
pathway was stored in an internal database [35]. This database provides
a structured format to electronically capture AOPs and associated assay
data.

2.2. Curation and mapping of assay data

Assays relevant to the AOP network were identified from the liter-
ature [31,36-46], and associated to specific KEs within the AOP network
through relevant assay measurements [35,47]. These included assays
that measured biological activity (e.g. enzyme inhibition or receptor
binding assays); short-term in vivo assays measuring androgenic or
oestrogenic effects (e.g. the uterotrophic or Hershberger bioassays
[48,49]); and traditional and alternative developmental toxicity assays.
High-quality curated databases (e.g. ChEMBL), EURL ECVAM validation
studies and OECD test guidelines were reviewed to identify assays
relevant to KEs within the AOP network.

In order to generate bioactivity data suitable for mining, data from
each assay were grouped according to their assay type and the associ-
ated KE. Structure standardisation was performed using a pipeline in
KNIME (version 4.5.2) to carry out validation (to check the validity of
the structure, including valency or presence of unknown atoms) and
normalisation processes (to generate a single tautomer of the structure).
In addition to the structures, the biological data was also standardised
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across the database, including normalisation of activity call (‘Positive’,
‘positive’, ‘+’, and ‘active’ were converted to ‘Positive’) and species
information (‘Human’, ‘Homo sapiens’). For in vitro potency data, a
threshold of activity was assigned (e.g. 10 uM) — compounds which
showed activity at or below the threshold were classified as ‘Positive’,
and those above the threshold were classified as ‘Negative’. If an author
binary call was given and no potency data was available for a compound,
then the binary call was used. Next the data were grouped, and a single
binary call was generated for each compound where the assay protocol
was the same (when a compound had multiple calls, a conservative call
was taken). This resulted in a unique activity call per compound and
assay protocol combination. Data from similar protocols were grouped
into general assays, e.g. data from protocols which resulted in the
measurement of aromatase inhibition were grouped under ‘aromatase
inhibition assay’. A contextualised chemical structure was also included
for each datapoint — contextualisation refers to the further processing of
chemical structures (e.g. through the removal of salts and stereochem-
istry). Finally, the data were added to the database containing the AOP
knowledge.

2.3. Structural alert — Key event mapping

Structural alerts within the Derek Nexus knowledge base (Derek
Nexus KB 2022, 2.0) were reviewed and, where relevant, associated to
KEs within the AOP network [18]. The relevance was determined based
on the endpoint the structural alert predicted for (e.g. teratogenicity) or
the mechanisms described within the alert. In addition, structural alerts
contained within an internal custom knowledge base were also associ-
ated to the AOP network. This custom knowledge base covered alerts for
aromatase inhibition [22], glucocorticoid receptor binding, androgen
receptor binding and oestrogen receptor binding.

2.4. AOP screening process

2.4.1. Screening of AOP-relevant assay data

A similarity searching method was utilised to query compounds in
the AOP database. This employed a Tanimoto similarity method using a
structural fragment-based fingerprint. Relevant datasets were processed
through this method, using various thresholds of similarity (allowing for
the identification of exact data for a query compound or for structurally
similar compounds).

2.4.2. Screening of AOP-relevant structural alerts

In order to profile compounds against structural alerts, datasets were
processed using Derek Nexus v6.2.1 and two knowledge bases: Derek KB
2022 2.0, with all toxicity endpoints considered, and the MIE alerts
knowledge base described in Section 2.3.

2.4.3. Combining the results from the data-based AOP screen and structural
alert-based AOP screen

Various combinations of similarity thresholds and structural alerts
were evaluated to determine the performance of the AOP network in
predicting the potential DART hazards that could be associated to
compounds of interest. KNIME (version 4.5.2) was used for all data
processing [50]. When considering data associated to the AOP network,
reasoning was imposed to conclude that if a compound was associated
with positive data, the output was considered to be positive; if no pre-
diction was made by the network, then the output was assumed to be
negative.

2.5. Derek Nexus developmental toxicity model

Derek Nexus structural alerts relating to the endpoints of teratoge-
nicity and developmental toxicity were used as a performance bench-
mark to which the performance of the developmental toxicity-relevant
AOPs within the network could be compared. This analysis was
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undertaken to both evaluate the improved predictive coverage of the
AOP network and to evaluate the use of the AOP network in an ICH S5
(R3) workflow.

3. Results and discussion
3.1. Overview of the AOP network

Literature review and curation of relevant evidence has led to the
development of a DART AOP network (Fig. 2). In total, the network
consists of 340 unique KEs, of which 68 are MIEs. As a result of the initial
prioritisation focusing on the pathways of most concern, 301 of the 340
KEs within the AOP network relate to developmental toxicity pathways
(encompassing teratogenic and embryo-foetal lethal pathways), whilst
51 relate to fertility toxicity pathways, and 33 relate to neuro-
developmental pathways. This grouping of pathways (into develop-
mental toxicity, fertility toxicity or neurodevelopmental toxicity) was
based on current regulatory guidelines, where developmental neuro-
toxicity is often addressed in separate assessments from developmental
toxicity [9,51]. Already it can be observed that several KEs within the
network have been utilised in more than one pathway, demonstrating
interconnectivity within the network. For example, out of 12 MIEs
within the network which lead to fertility toxicity outcomes, eight of
these lead to both female and male fertility toxicity.

The biological roles and molecular functions of the MIEs within the
network were profiled using the bioinformatics resource UniProt [52]
(Fig. 3). This was achieved by identifying the relevant UniProt IDs for
the protein described in each MIE and then using the associated ‘Uni-
ProtKB Keywords® controlled terminology terms. Within UniProt, mo-
lecular functions were assigned to 59/68 MIEs, whilst biological
processes were assigned to 52/68 MIEs. 45/68 MIEs were labelled with
both a molecular function and biological process term, and only two
MIEs within the network did not have a molecular function or biological
process assigned to them. For each MIE within Fig. 3, the most
commonly associated molecular functions and biological processes are
reported. When reviewing the molecular functions associated with the
MIEs within the network, it can be seen that the largest categories are
oxidoreductases, DNA-binding, g-protein coupled receptors, and hy-
drolases — representing several classes of either enzyme or receptor
(Fig. 3A). Other molecular functions (such as those related to trans-
ferase, lyase and the functioning of ion channels) are also represented
within the network. Transport, transcription and lipid metabolism
reflect the majority (approximately three quarters) of the biological
processes related to MIEs within the network (Fig. 3B). Five MIEs relate
to the biosynthesis of endogenous compounds/hormone (e.g. one-
carbon metabolism, pyrimidine biosynthesis, thyroid hormone biosyn-
thesis and nucleotide biosynthesis), three relate to angiogenesis, and six

DART network

Developmental toxicity pathways “

Developmental neurotoxicity pathways u 24
All fertility toxicity pathways E 39
Male fertility pathways m 33

Female fertility pathways 513

= Number of MIEs
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MIEs relate to a diverse range of biological processes. The two MIEs
which were assigned with neither a function or a process term are both
involved in metabolic processes.

To examine the sources of toxicity knowledge for the creation of the
unified AOP network, the origins for each MIE hypothesis were exam-
ined (Fig. 4). Although the in silico model and decision tree were useful
starting points, the additional research and collaborations resulted in the
largest presence of MIEs within this network. The majority of the MIEs
integrated into the AOP network via additional research were identified
through one of two ways: 1) When investigating biological targets
identified through Derek Nexus or the decision tree, often additional
related targets were identified and incorporated into the network. 2)
Targets were identified through collaborative research — one example of
an AOP developed through collaboration can be found in the Myden
et al. 2023 manuscript [33]. When comparing the MIEs stemming from
Derek Nexus or the Wu et al. publication, 9 were identified from Wu
et al., 11 from Derek Nexus and 17 of the 68 MIEs were identified from
both Derek and Wu et al. This indicates both a reasonable overlap of
biology and highlights that each resource was valuable in identifying
relevant MIEs to develop into AOPs within the network. Fig. 4 also in-
dicates that the biology described in the AOP network is broader than
that described within DART-relevant Derek Nexus alerts, or biological
categories captured in the Wu et al. publication. It should be noted that
mechanistic drivers are not described for all chemical classes within the
Wau et al. publication or DART Derek Nexus alerts.

The ‘node degree’ (i.e. the number of KERs leading to and from a KE)
[53] was examined to determine how many KEs were re-used beyond a
linear set of KERs (e.g. one KER leading into a KE, and one KER leading
out of a KE). To do this, the total number of KERs per KE was examined —
two KERs were deducted for a KE in the middle of a pathway, and one
KER was deducted for an initial or terminal KE (e.g. an MIE). In doing so,
it was found that 118/340 KEs were re-used at least once — demon-
strating a high level of interconnectivity. The fact that the network was
developed by a single research group allowed for careful control of
language and curation, likely contributing to the high interconnectivity
of the network. To ensure the development of networks of AOPs, each
pathway related to teratogenicity and embryofoetal lethality terminates
in the KE of ‘developmental toxicity’, and all pathways relating to male
or female fertility toxicity terminate in the KE of ‘fertility toxicity’. A
schematic to show the fertility toxicity network is shown in Fig. 5.

To further examine the coverage of the DART AOP network, the
AOPs within the network were compared to AOPs contained within the
AOP-Wiki. When comparing against the AOP-Wiki, only pathways
which were ‘EAGMST approved’, ‘EAGMST under review’, or ‘WPHA/
WNT endorsed’” were considered — as these statuses reflect that the
pathways are likely to be completed to a high standard or certified by an
endorsement body. When performing this comparison, 16 AOPs within

272

237

Number of all other KEs

Fig. 2. Overview of the composition of the network. Male fertility and female fertility pathways are both sub-components of the ’All fertility toxicity pathways’. The
developmental neurotoxicity pathways are not a sub-component of the developmental toxicity pathways. DART, developmental and reproductive toxicity; KEs, key

events; MIEs, molecular initiating events.
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Fig. 3. A) Molecular functions associated with MIEs within the network, assigned using UniProt-controlled vocabulary terms [52]. B) Biological processes associated
with MIEs within the network, assigned using UniProt-controlled vocabulary terms [52].
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Fig. 4. The resources used to identify each MIE in the DART AOP network, along with the number of MIEs identified using each resource. The horizontal bar chart
represents the total number of MIEs identified from each resource, whilst the vertical bar chart and below area represents the overlap in the number of MIEs

identified within each resource.

the AOP-Wiki were identified as mammalian-relevant AOPs for DART
endpoints. These 16 AOPs described 13 MIEs - three of which are not
currently present in the DART AOP network described within this
manuscript. One of the MIEs missing from the AOP network led to
neurodevelopmental toxicity, whilst another two missing MIEs were
relevant to genotoxicity. Pathways related to genotoxicity were
deprioritised in the initial stages of development of the DART AOP
network due to the creation of a complementary network for
carcinogenicity-relevant AOPs [47], and the known association between
genotoxicity and developmental toxicity [55].

3.2. Creating a predictive framework from the AOP network

Whilst developing the AOP network, structural alerts and assay data
were annotated to relevant KEs (Fig. 6). Such annotations allow
chemical-based queries to be performed, transforming the knowledge
network into a resource which can support other aspects of chemical
safety assessments. In total, 1,165,084 studies for 288,826 unique nor-
malised compounds were associated to assays within the AOP network.
Assay data was linked to 46 MIEs, 2 KEs, and 3 AOs within the network.
In total, 240 Derek Nexus structural alerts were associated to 41 unique
KEs within the AOP network — 112 to MIEs, 99 to KEs and 61 to AOs



A. Myden et al.

5
O
(@) Q ©
O
. o0 o— O ¢— @
O @
@
O 0 O
O
1) O
O 0O
O O O
@) Qo
o o
© o—0
O
@)

Computational Toxicology 31 (2024) 100325

o0
@)
O
o) () «<—— Male fertility toxicity
I}
<
O
O <« Fertility toxicity
@ () «—— Female fertility toxicity
®)
<
@)
o—0

Fig. 5. Illustration of the network of pathways leading to fertility toxicity. Grey circles represent KEs, whilst the grey arrows represent KERs — the AOs of female
fertility toxicity, fertility toxicity and male fertility toxicity are highlighted. Image developed in cystoscope, version 3.6.1 [54].

Network total

Assays 46 2 5 53
Studies 1,159,224 2,375 3,485 1,165,084
Normalised 288,315 281 1,794 288,826
compounds

Contextualised 269,983 275 1,746 270,308
compounds

Derek alerts 112 99 61 240

Fig. 6. Distribution of data and structural alerts associated to the AOP network. AOs, adverse outcomes; KEs, key events; MIEs, molecular initiating events.

within the network. The mechanistic information documented within
Derek Nexus structural alerts allowed for single alerts to be linked to
multiple KEs. Hence, several alerts within the network are associated to
multiple KEs (e.g. MIEs, KEs and/or AOs).

The majority of data associated to the network related to assays
associated with MIEs. Relevant MIE data consisted of both binding and
activity data for receptors, and inhibition data for enzymes. MIE data for
each assay ranged from 1 to 345,581 studies (median: 2,693 studies)
(Fig. 7). The prevalence of positive results in each assay dataset varied,
ranging from 2-100 % with a mean of 61 %. Data for two KE assays were
mapped to the network — a uterotrophic assay dataset contained 1,905
studies with a positive prevalence of 71 %, and a Hershberger assay
dataset contained 470 studies with a positive prevalence of 57 %
[45,46]. The distribution of the data, and prevalence of positive com-
pounds per assay is important, as it will impact the density of chemical
knowledge available across different areas of biological space (path-
ways) — this will influence how well a compound’s relevance to certain
pathways can be predicted.

The toxicity data associated to the network were grouped into five
assay types: traditional in vivo assay data, zebrafish assay data, mouse
embryonic stem cell data, rodent whole embryo culture assay data, and
micromass assay data. The traditional in vivo assay dataset contained
studies from ToxrefDB (version 1.3, August 2014 release), along with
studies curated from the literature. This dataset contained 2,336 studies

(with a positive prevalence of 50 %) for 1,111 normalised compounds
[38]. A dataset of compounds tested in a zebrafish assay study [31],
which measured multiple developmental endpoints (18 endpoints were
measured at 120 h post-fertilisation), was also associated to the network.
The dataset was extracted from the Environmental Protection Agency’s
‘CompTox Chemicals Dashboard’ [37], and the extracted dataset con-
tained an overall activity call for each tested compound. After validation
and normalisation, the resulting dataset contained 1,038 unique com-
pounds with a positive prevalence of 19 %.

Mouse embryonic stem cell data (67 studies for 54 compounds, with
a positive prevalence of 68 %), rodent whole embryo culture assay data
(21 studies for 21 compounds, with a positive prevalence of 79 %), and
micromass assay data (23 studies for 23 compounds, with a positive
prevalence of 65 %) — predominantly from published validation datasets
— were also associated to AOs within the network [41-44].

The association of multiple different types of assays to the AOP
network demonstrates how the AOP framework can contextualise the
heterogenous evidence that is available to safety assessors.

3.3. Using the predictive framework for hazard screening

The use of the AOP network as a hazard screening tool for DART was
assessed. The association of both assay data and structural alerts to the
network provided several options for using the AOP network to screen
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Fig. 7. Distribution of (A) the number of studies and (B) the number of nor-
malised compounds associated to each relevant assay across the 46 MIEs in the
DART network.

potential hazards (Fig. 8). In order to profile a query compound for
DART liabilities, the network allows for a determination of toxicity
based on matching existing data for the query compound of interest. In
addition, the DART potential of a query compound can be predicted
through an associated structural alert. Finally, through the use of simi-
larity searching, the DART potential of a compound could be inferred
based on the notion that structurally similar compounds will have
similar biological properties. Each of these methods could be used in
isolation, or the outputs of each assessment combined to potentially
broaden the coverage of chemical space.

When evaluating the various methods, a conservative approach was
taken so that any positive evidence (e.g. the presence of a Derek Nexus
structural alert, an indication that a compound was able to initiate a KE
[either for the exact compound or data for a similar compound]) would
be treated as an indication of developmental toxicity. Contextualised
structures were used to evaluate the various predictive methods, as this
would help to ensure the matching of similar compounds. In addition, to
the various outputs described in Fig. 8, the AOP network allows for
predictions to be made for specific KEs. This distinction may be useful, as
AO-based associations provide limited information about the mecha-
nism but suggest that the compound of interest is a DART toxicant. In
contrast, MIE/KE associations provide more insight about the mecha-
nisms of toxicity, as they describe a biological event which is causally
linked to a DART outcome through the described AOP - however, these
may not always translate to the AO as they must reach the tipping point
of each KER in between.

3.4. Evaluating the predictive framework against a traditional in vivo
developmental toxicity dataset

In order to evaluate how well the AOP framework could identify
mammalian developmental toxicants, the in vivo mammalian data
associated to the AOP network was utilised. For the assessment, the in
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vivo mammalian dataset was removed from the AOP network in an
attempt to evaluate the predictions in a setting where the concluding
studies were yet to be performed. This experiment allows for the eval-
uation of whether the NAM data and models within the AOP predictive
framework are capable of identifying developmental toxicants (ac-
cording to traditional in vivo studies). The results would also indicate
whether the AOP predictive framework could serve as a useful devel-
opmental toxicity hazard screening tool. When utilising the data asso-
ciated to the network, three similarity thresholds were compared (100
%, 90 % and 80 %) (Fig. 8). The performance of the AOP network-based
models were compared to predictions obtained using only Derek Nexus
alerts for the endpoints of teratogenicity and developmental toxicity
(DX-dev) (Fig. 9). Grouping of the contextualised in vivo dataset struc-
tures resulted in 874 unique compounds using the most conservative call
(taking positive over equivocal, and equivocal over negative). This
resulted in 474 positives and 400 negatives; compounds classed as
equivocal were not included. For the DX-dev prediction method, a
balanced accuracy of 72 % and a specificity of 94 % was observed;
however, sensitivity was 51 %. The high specificity of the DX-dev
structural alerts is not surprising, as these alerts were developed by
experts to predict for in vivo developmental toxicity. Focusing on the
performance of the AOP-SA method (alerts mapped to the AOP
network), we see a similar balanced accuracy of 73 %, an 11 % increase
in sensitivity, and a 9 % decrease in specificity when comparing these to
the DX-dev structural alerts.

Focusing on the data associated to the AOP network, it was found
that at a similarity of 100 % (the AOP-100 method), a balanced accuracy
of 51 %, sensitivity of 38 % and specificity of 65 % is observed.
Combining the exact-match data and AOP-relevant structural alerts
(AOP-100-SA) provides a balanced accuracy of 65 % with a sensitivity of
74 % and specificity of 55 %. Incorporating the similarity searching
methodologies with structural alerts (AOP-80-SA) gives a balanced ac-
curacy of 63 %, and sensitivity increases to 78 %; however, specificity
drops to 48 %.

The above analysis demonstrated that the structural alerts (e.g. DX-
dev and AOP-SA) performed well against the dataset, with a high
balanced accuracy and specificity. However, sensitivity could be greatly
improved through considering both the AOP-based data and predictions.
Sensitivity is an important metric for a screening tool, where the aim is
to identify potential toxicants to better support prioritisation. In this
scenario, the identification of false positives is tolerated, provided that a
high number of true positives are identified. The corresponding trends of
increasing sensitivity and decreasing specificity of the AOP models is not
surprising, because a decrease in the similarity threshold results in
additional positive predictions being made based on less reliable evi-
dence. In an ideal world, data would be available or generated for each
compound of interest — this would be expensive and likely unfeasible.
Therefore, predictive models and/or read-across will be useful tech-
niques to fill information gaps.

Despite the reasonable sensitivity output by the AOP-based methods,
there were still 102 of the 474 teratogens in the dataset which were not
predicted positive using the AOP-80-SA method. This could indicate one
of two areas for improvement. It may be that relevant mechanisms of
toxicity are yet to be integrated into the network, or it may be that
suitable structural alerts or assay data need to be harvested and asso-
ciated to relevant KEs within the AOP network. Even so, the Lhasa DART
AOP network provides a foundation upon which to capture new
knowledge or data as it is generated.

3.5. Evaluating the network against a zebrafish dataset

To determine the performance of the network against an alternative
developmental toxicity assay, the screening methods were next tested
against a zebrafish assay dataset. The zebrafish dataset was used to
evaluate the performance of the AOP network for two reasons. The first
is that, when evaluating the chemical space covered within the in vivo
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Prediction Description

method name

AOP-SA Inference of DART based on AOP-relevant Derek Nexus structural alerts which matched the input
compound

AOP-100 Positive assay data linked to the network, for the exact input compound

AOP-100-SA The combined results of AOP-100 and AOP-SA, using a conservative approach where any positive result
indicated an overall positive outcome.

AOP-80* An inference of DART based on positive assay data for compounds which have been identified as >80%
similar to the input compound, associated to the AOP network

AOP-80-SA The combined results of AOP-80 and AOP-SA, using a conservative approach where any positive result
indicated an overall positive outcome.

DX-dev Inference of DART based on structural alerts within Derek Nexus for the endpoints of developmental toxicity
and teratogenicity. This prediction method was included to act as a performance benchmark, upon which we
could assess the benefits of an AOP-based predictive model

B Workflow

2 AOP-based hazard screening techniques:

1 Input compound:

Similar
matches

3 Evaluation of outputs:

~
J

. Inference of DART based on structural
alerts

AOP-SA

Inference of DART based on exact-

AOP-100 match data

e

Ve

7
Evaluation of individual outputs

AOP-100-SA Inference of DART based on structural
alerts and exact-match data

Inference of DART based on data for
compounds with >80% similarity
(similarity methodology combined with
exact-match data)

AOP-80

Inference of DART based on structural
— alerts and data for compounds with
>80% similarity

AOP-80-SA

||

1

Fig. 8. A representation of how the structural alerts and data associated to the AOP network can be used to infer the DART potential of a compound of interest
(different screening options). A) a description of some of the various methods assessed in the following sections. B) A depiction of the general workflow, B1) a
compound of interest is identified. B2) structural alerts and data associated to the network is assessed to see whether a match can be found. Using a fragment-based
fingerprinting method and Tanimoto similarity, data for similar compounds can also be determined. B3) Summary of the evaluation of the positive matches — many
combinations are possible. *The similarity threshold of > 90 % was also used: in this instance the assessed models were denoted as AOP-90 and AOP-90-SA.

dataset and the zebrafish datasets, it was found that the two datasets
contained fairly chemically diverse structures (Fig. 10) and therefore
screening the network against both datasets may provide further in-
sights into the chemical coverage of the AOP network. Secondly, as
described in Section 3.6, the use of the zebrafish dataset allows us to
probe whether the Lhasa DART AOP network could be a useful aid to
ICH S5 regulatory assessments based on alternative assay data.

The assay models embryo-foetal development, so the subset of
developmental toxicity-related AOPs, data and predictions were
assessed. In this instance, the traditional in vivo data were introduced
back into the AOP network, and the zebrafish dataset was hidden from
the network. This means that there were 327 exact matches between the
zebrafish dataset and the traditional in vivo toxicity dataset; however, as
described in Section 3.6, this allowed probing of the concordance be-
tween the zebrafish activity calls and traditional in vivo activity calls. It
was also possible to determine the level of influence that the traditional
data has on the predictive performance of the network. The structures in
the zebrafish dataset were contextualised, and grouped based on con-
textualised structures — this led to 1,021 compounds (197 positives and
824 negatives). The resulting performance of each method tested can be
found in Fig. 11.

Balanced accuracy of the DX-dev alerts and AOP-SA method with the
zebrafish dataset were ~ 50 %, whilst all AOP-based models which
utilised the data associated to the network had a balanced accuracy of ~
60 %. Sensitivity of the DX-dev method was 7 % and that of the AOP-SA
method was 15 %; whilst the sensitivity of the AOP models which
incorporated relevant data ranged between 68 % (for the AOP-100
method) and 83 % (for the AOP-80-SA method). A converse trend can
be seen in the specificity of each model, with DX-dev and AOP-SA being
very high (91 % and 90 % respectively) and all other methods ranging
from 33 % to 53 %. Only 34 of the 197 developmental toxicants were not
identified using the AOP-80-SA method.

When evaluating the performance of the various methods against an
alternative assay dataset (Fig. 11), we found that the structural alert-
based methods (DX-dev and AOP-SA) did not perform as well,
compared to their performance using the in vivo developmental toxicity
dataset; however, specificity was still high. This contrast could be
because the Derek Nexus-based models were trained on traditional an-
imal data (predominantly from the pharmaceutical space), whilst the
MIE/KE data may be more typical of that found in the zebrafish dataset.
As mentioned, only 327 compounds overlapped between the zebrafish
dataset and the in vivo toxicity dataset, and clustering analysis indicates
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Performance of AOP-based methods and Derek Nexus foridentifying
developmental toxicity hazards — using an in vivo mammalian dataset

100%
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60%
40%
20%
0%
Balanced accuracy Sensitivity Specificity
mDX-dev = AOP-SA = AOP-100
AOP-100-SA = AOP-80-SA = AOP-80-SA

Fig. 9. The performance (balanced accuracy, sensitivity, and specificity) of various models evaluated using an in vivo developmental toxicity test dataset. A
description of the models can be found in Fig. 8 — in brief, DX-dev relates to structural alerts contained within Derek Nexus for the endpoints of teratogenicity and
developmental toxicity; all other models reflect combinations of AOP predictions, based on assay data or structural alerts mapped to KEs. AOP, adverse outcome
pathway; DART, developmental and reproductive toxicity; DX, Derek Nexus; KEs, key events; SA, structural alerts.
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Fig. 10. Representation of the chemicals within the zebrafish dataset (yellow) and the traditional in vivo toxicity dataset (blue). The image was produced using a
fingerprinting method, Tanimoto similarity and a similarity threshold of 80% to cluster similar chemicals. 327 of the blue to yellow interactions represent exact
matches. Two clusters of chemical space are highlighted — these indicate an example of industrial chemicals (within the zebrafish dataset) and pharmaceutical-like
chemicals (in the in vivo dataset). The largest clusters of chemically similar compounds are present in the centre of the image; most of these clusters are biased
towards one dataset or the other. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

that many of the compounds within these datasets appear to be struc-
turally diverse (Fig. 10). Nevertheless, this finding highlights the
complementarity of the two methods (structural alert- and data-driven)
of screening, and that a consistent sensitivity can be achieved when
combining both methods.

3.6. Using the AOP network to support an ICH S5 (R3) workflow

The ICH S5 (R3) guidelines propose scenarios in which NAMs could

be used to classify compounds as developmental toxicants when a
relevant mechanism has been identified [2]. One such scenario outlines
how knowledge of a mechanism of action, in combination with a posi-
tive result in a suitable NAM (as defined in the guidelines), could be used
in place of traditional mammalian animal testing (Fig. 12). The utility of
the AOP network in identifying relevant mechanisms of toxicity to aid in
this use-case was investigated.

To test this use-case, further examination of the outputs from the
AOP-80-SA method described in Section 3.3 was undertaken. The
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Performance of AOP-based methods and Derek Nexus foridentifying
developmental toxicity hazards — using a zebrafish toxicity dataset
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Balanced accuracy Sensitivity Specificity
m DX-dev = AOP-SA = AOP-100
AOP-100-SA u AOP-90-SA m AOP-80-SA

Fig. 11. The performance (balanced accuracy, sensitivity, and specificity) of various models evaluated using a zebrafish developmental toxicity dataset. A
description of the models can be found in Fig. 8 — in brief, DX-dev relates to structural alerts contained within Derek Nexus for the endpoints of teratogenicity and
developmental toxicity; all other models reflect combinations of AOP predictions, based on assay data or structural alerts mapped to KEs. AOP, adverse outcome
pathway; DART, developmental and reproductive toxicity; DX, Derek Nexus; KEs, key events; SA, structural alerts.

Example resources

AOP network

Scenario 1: class or
MOA suggests high
likelihood of MEFL

Zebrafish assay

Alternative assay(s)
predicting MEFL

EFD study in
species 1

EFD study in
species 2

Consider negative
for MEFL

ICH S5 workflow

+ve

+ve +ve

Consider positive
for MEFL

Fig. 12. Bottom panel - recreation of a workflow described in the ICH S5 (R3) guidelines [2]. A combined understanding of the mode of action (step 1) and a positive
result from a NAM (step 2) would allow step 3 to be reached without the need for additional DART testing. Top panel — potential resources to fulfil steps 1 and 2. AOP,
adverse outcome pathway; DART, developmental and reproductive toxicity; EFD, embryo-foetal development; MEFL, malformation or embryo-foetal lethality.

zebrafish assay was used to illustrate this use-case, as this is a reasonably
well-known NAM, and a suitable dataset was available for this analysis.
Potential mechanistic insights from the AOP network were the focus of
this scenario, so research into the suitability of the zebrafish assay for
the ICH S5 workflow (Fig. 12) and an in-depth analysis of zebrafish assay
predictivity for mammalian developmental toxicity was not undertaken.

When using this workflow (Fig. 12), a researcher may either run the
NAM assay in response to an indication of a mechanism of toxicity for a
compound (which can be identified using the AOP network), or run the
NAM assay first, identify a positive finding, and then wish to determine
the mechanism of action. In either scenario, a combination of the
mechanism of toxicity and a positive finding in a NAM assay could
potentially be used to limit the need for traditional animal testing. For
this use-case, predictions based on data or models associated with MIEs
or KEs are most informative as they provide insights into the potential
mechanisms of toxicity. In contrast, the AO-based predictions would
only allow for hazard identification (Fig. 13).

First taking the scenario where the AOP network is used to identify
potential toxicants and guide further testing, the mechanistic pre-
dictions and assay data identified potentially relevant mechanisms for
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691 of the compounds in the zebrafish dataset (Fig. 13). Therefore, a
researcher may wish to further investigate these signals by running the
zebrafish assay — at which point they would find that 162 of the pre-
dictions were developmental toxicants in zebrafish. However, prior to
running the zebrafish assay, they could use the AOP network to deter-
mine which other assays (i.e. MIE assays) could be run to confirm the
mechanistic prediction — aiding the decision of whether to run a NAM
assay or not. 205 of the compounds predicting positive for MIEs or KEs
were identified based on data for similar compounds or from structural
alerts; therefore, it may be useful to run confirmatory studies on these
compounds prior to running the zebrafish assay. Within the AO-based
predictions, 122 false positives are found (Fig. 13C). 83 of these false
positives are based on experimental results for exact compounds, and
these could indicate chemicals to which the zebrafish assay is less sen-
sitive versus the traditional in vivo mammalian assays. For the workflow
proposed in the ICH S5 (R3) guidelines (Fig. 12), it may be preferable for
the NAM to have high specificity to limit the number of false positives
identified as developmental toxicants. Subsequently, the compounds
identified as non-developmental toxicants using the NAM will be tested
using the traditional animal models.
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A) Performance using the entire AOP network

Zebrafish dataset

(AOP-80-SA)
Positive
Positive | 163
(134, 23, 6)
Negative 34

Negative
549

(385, 143, 21)
275

Sensitivity — 83%, Specificity — 33%

B) Performance using only mechanistic predictions
(MIE/KE-80-SA)

Zebrafish dataset

Positive Negative
Positive | 162 529

(130, 26, 6) (356, 147, 26)
Negative 35 295

Sensitivity — 82%, Specificity — 36%

C) Performance using only adverse outcome predictions

(AO-80-SA)
Zebrafish dataset
Positive Negative
Positive | 31 122
(21, 26,2) (83,37,2)
Negative 116 702

Sensitivity — 16%, Specificity — 85%

Fig. 13. Confusion matrices of the outputs from screening the zebrafish assay dataset against the AOP network using the AOP-80-SA method. A) The confusion
matrix when considering all of the data and structural alerts mapped to the AOP network. B) the confusion matrix when only considering the MIE/KE-relevant data or
structural alerts. C) The confusion matrix when only considering the AO-relevant data or structural alerts. The numbers in the brackets reflect how many compounds
were classified using data for the exact compound, similar compound or Derek Nexus alert respectively. AO, adverse outcome; AOP, adverse outcome pathway; KE,

key event; MIE, molecular initiating event.

In the second scenario, an investigator may first run the NAM assay
and determine that 197 compounds were potential developmental tox-
icants — they may then wish to determine the relevant mechanism of
action. In this scenario, the AOP network was able to propose mecha-
nisms of action for 162 of the 197 positive results in the zebrafish assay
dataset. The results associated to each of these proposed mechanisms of
action should be reviewed by experts to ensure that they are applicable.
However, taking the screening results at face value, the model could be
used to support the submission of 82 % of the relevant zebrafish studies
if the ICH S5 use-case (Fig. 12) were followed. Pleasingly, when
comparing the mechanistic based predictions (Fig. 13B) to the pre-
dictions made by the entire network (Fig. 13A), we find that mecha-
nisms can be associated to 162/163 positive compounds identified by
the AOP network. When comparing the MIE/KE predictions (Fig. 13B) to
the AO predictions (Fig. 13C), we find that the MIE/KE data and models
associated with the network are driving the majority of the predictions.
Therefore, for the 162 instances where mechanisms can be associated,
the performance of a traditional animal study may not provide any
additional value to the method of combining a positive result from a
NAM with an AOP-based mechanistic hypothesis. The improvement
achieved through the AOP-based approach is significant when compared
to the DX-dev alerts which identified 13 of the positive zebrafish studies.
It should be noted that the ICH S5 guidelines relate to pharmaceutical
compounds, whilst the zebrafish dataset contained chemicals from a
broad range of industries. Nevertheless, this still provides a useful
illustration of how the Lhasa DART AOP network could complement a
NAM-based regulatory submission. Further assessment of this workflow,
with NAM data for pharmaceutical compounds, would be very useful —
this may also allow the assessment of whether there is value in running
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two animal studies in the event of a negative result from the AOP
network in combination with negative results from both a NAM and one
traditional animal study.

Looking beyond the workflow described in Fig. 12, to a time where
traditional animal testing is no longer required, the 122 false positives
highlight the possible need for additional data from other NAMs (and a
better understanding of the applicability domain of them) to ensure that
non-animal methods are at least as predictive of the human scenario as
the current traditional in vivo testing regimens. As AOPs provide
mechanistic contextualisation for NAMs, the DART AOP network could
be utilised to help reason between multiple NAMs. The biological
coverage of NAMs could also be evaluated using the known pathways
contained within the network. Furthermore, knowledge of the applica-
bility domains of NAMs (or any assays) can be encoded within the AOP
network. This future research could facilitate the development of AOP-
based weight of evidence assessments and aid risk assessor’s decision
making.

4. Conclusion

To our knowledge, the Lhasa DART AOP network is the most
comprehensive, expert-curated, mammalian-relevant DART AOP
network currently available. The AOP network provides a foundation of
mechanistic knowledge upon which to build, using additional relevant
evidence when available. AOPs can aid safety assessments by providing
a summary of evidence regarding specific mechanisms of toxicity. As
well as being a useful reference source, this method of documenting a
mechanism of toxicity allows for the contextualisation of mechanistic-
based assay data and models.
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The AOP network described within this manuscript allows for the
screening of compounds in order to predict both the potential for DART
and also the mechanism by which it may be caused. We demonstrated
that sensitivity of the network can be very high when utilising both
structural activity relationships and data associated to the network. The
improvement in sensitivity is particularly apparent when comparing this
to Derek Nexus developmental toxicity-related alerts. Therefore, the
network and predictive framework could be a valuable resource for
compound prioritisation and mechanistic elucidation. The ICH S5 use-
case explored within this manuscript (where the identification of te-
ratogens using a suitable NAM, combined with an understanding of the
mechanism of toxicity, can be used in place of traditional animal
models) also highlighted that the network may be a valuable aid to
support the uptake of NAM-based assessments. As described in Section
3.3, a conservative approach was taken to the predictive framework
outlined in this manuscript. Therefore, any positive signal was used as
an indication of a compound’s potential to cause developmental
toxicity. Future research could focus on combining evidence along a
pathway in order to enhance the confidence in a prediction. This may
involve investigating how predictive of the endpoint specific KEs or
assay are and then weighting those pieces of evidence accordingly.
Through the mechanistic framing that it provides, the AOP network
described in this article can facilitate the grouping and comparison of
NAMs and traditional assay data. Such investigations could aid in the
development and implementation of IATAs and tier-based safety as-
sessments, as well as enhanced confidence in their outputs.

This work highlights a large step forward in terms of DART AOP
knowledge curation and DART hazard identification. In its current form,
the AOP network is demonstrated to be a valuable hazard screening tool
with the potential to provide a valuable resource for DART-based safety
assessments. Such a network has many potential uses, and exploration of
these uses will be greatly enhanced through industry-wide collaboration
(using the AOP network to bring together cross-industry experts to share
evidence and determine the best way forward for animal-free DART
assessments).
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