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ABSTRACT: Transcriptomic approaches can give insight into
molecular mechanisms underlying chemical toxicity and are increasingly being used as part of toxicological assessments. To aid the
interpretation of transcriptomic data, we have developed a systems
toxicology method that relies on a computable biological network
model. We created the ﬁrst network model describing cardiotoxicity in
zebraﬁsh larvaea valuable emerging model species in testing
cardiotoxicity associated with drugs and chemicals. The network is
based on scientiﬁc literature and represents hierarchical molecular
pathways that lead from receptor activation to cardiac pathologies. To
test the ability of our approach to detect cardiotoxic outcomes from
transcriptomic data, we have selected three publicly available data sets
that reported chemically induced heart pathologies in zebraﬁsh larvae
for ﬁve diﬀerent chemicals. Network-based analysis detected cardiac perturbations for four out of ﬁve chemicals tested, for two of
them using transcriptomic data collected up to 3 days before the onset of a visible phenotype. Additionally, we identiﬁed distinct
molecular pathways that were activated by the diﬀerent chemicals. The results demonstrate that the proposed integrational method
can be used for evaluating the eﬀects of chemicals on the zebraﬁsh cardiac function and, together with observed cardiac apical end
points, can provide a comprehensive method for connecting molecular events to organ toxicity. The computable network model is
freely available and may be used to generate mechanistic hypotheses and quantiﬁable perturbation values from any zebraﬁsh
transcriptomic data.

■

INTRODUCTION

These advantages have established the zebraﬁsh as a prominent
model organism in environmental toxicology.4,5
Remarkably, zebraﬁsh and humans exhibit similar responses
to cardiotoxic drugs,6,7 signifying that the zebraﬁsh is a useful
model for studying human chemical cardiotoxicity. Phenotypic
assessment of cardiotoxicity in zebraﬁsh is relatively straightforward. Its heart morphology is readily observable under a
dissecting microscope, and commercially available software can
be used to measure the heart rate. Human and zebraﬁsh heart
rates are more similar to each other than that of mouse (human,
60−100 beats per minute (bpm); mouse, 300−600 bpm;
zebraﬁsh, 120−180 bpm).8 Reﬂecting this, zebraﬁsh and
humans show similar electrocardiogram (ECG) recordings.9
Finally, passive diﬀusion of oxygen sustains the larvae for up to 4
to 5 dpf, such that blood circulation up to this age is not required
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Cardiotoxicity is an adverse eﬀect associated with many drugs
and environmental pollutants.2 This raises the need for good
experimental models for assessing the potential cardiotoxicity
associated with chemicals such as drugs and pesticides. Cellbased in vitro assays are fast and inexpensive. However, they have
limited predictive power because of their inherent biological
simplicity. For example, drug eﬀects in vivo are governed not
only by molecular activity but also by absorption, distribution,
metabolism, and excretion of the drug, which are diﬃcult to
study in cultured cells. Although rodent animal models are
extremely valuable tools in toxicology, chemical assessment in
mammals is time-consuming and relatively expensive.
The zebraﬁsh (Danio rerio) is an alternative animal model that
can help address the above limitations. The zebraﬁsh is a small
subtropical ﬁsh that has several characteristics useful for
toxicological screening: It is small and simple to maintain and
amenable to large-scale studies owing to is high fecundity,
transparent larval stages, and well-deﬁned and rapid external
development. Additionally, zebraﬁsh larvae are not subject to
animal regulations for up to 5 days postfertilization (dpf).3
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for survival.10 This allows assessment of cardiac toxicity
independently from oxygen deprivation, something not possible
in mammals. Because of this, the zebraﬁsh is not only valuable in
environmental toxicology11 but also a faithful model for studying
chemical and drug toxicity in humans.12
Classical toxicology methods have traditionally been used for
assessing chemical toxicity. These methods are largely
descriptive, because they report dose-dependent adverse
outcomes. However, when studying chemical toxicity, understanding the molecular events that lead to an adverse outcome is
as important as understanding the outcome itself. Mechanistic
knowledge of toxicity allows in silico modeling, extrapolation to
chemicals with similar modes of action, prediction of chronic
exposure eﬀects, exposure in other species (including humans),
development of therapeutic strategies, and, ultimately, regulatory decision-making. Mechanistic insights into toxicity are
particularly pertinent when using the zebraﬁsh as a model. In
toxicology and ecotoxicology, this knowledge would better
inform relevance to toxicity for other ﬁsh species as well as
humans.
Transcriptomic approaches have become a valuable tool for
generating hypotheses on the molecular mechanisms of action
underlying adverse chemical eﬀects.13 However, interpretation
of single-gene-expression values can be challenging in a
toxicological context, because abundance of mRNA is not
directly linked to adverse outcomes. Additionally, molecular
events leading up to toxicological outcomes are not always
apparent from static gene expression data, necessitating timeresolved experiments.14 This makes identiﬁcation of mode of
action of chemicals more time-consuming and costly.
We have developed a systems toxicology method with the aim
of advancing the zebraﬁsh as a model in (eco)toxicology
speciﬁcally and improving the interpretation of transcriptomic
data in a toxicological context in general. Our method considers
the impact of a toxicant on the zebraﬁsh heart as a whole system
instead of relying on interpretation of single-gene-expression
values. The approach relies on a causal biological network
modela collection of computable statements curated from
scientiﬁc literature describing connected molecular pathways.15
Nodes within the network represent entities at diverse levels of
biological organization, for example, mRNAs, proteins, protein
activities, biological processes, and pathologies. The nodes are
connected by directed and signed relationships (i.e., upregulation or inhibition), giving the network a cause-and-eﬀect
topology. Pre-existing gene expression signatures associated
with speciﬁc nodes in the network are then compared with any
given compound-induced gene-expression values to determine
the activity of the node. This approach, therefore, treats changes
in the abundance of transcripts as a downstream response to
node activity, without assuming that these transcripts produce
active proteins. In this way, a single transcriptomic measurement
(instead of many measurements at diﬀerent biological levels)
can be used to determine the activity of the whole network.
Furthermore, because the network is directed, it is possible to
follow the biological response induced by a compound from
molecular initiating events to adverse outcomes, given that both
are part of the network.
While causal biological networks have been previously built
for human, rat, and mouse molecular processes,16 the
cardiotoxicity network introduced in this study is the ﬁrst such
network for zebraﬁsh. To develop the network, we built a
zebraﬁsh namespace (based on the Zebraﬁsh Information
Network [ZFIN]) as a reference for conventional naming of
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genes, transcripts, and proteins. We then reviewed the
cardiotoxicity literature and used the Biological Expression
Language (BEL) to construct a network describing cardiotoxic
events in zebraﬁsh. In this report, we describe the individual
steps required to build the network and demonstrate how the
network can be used for interpreting transcriptomic data from
chemically treated samples to predict adverse cardiac outcomes.

■

EXPERIMENTAL PROCEDURES

Causal Biological Networks. Causal biological network models
developed in our approach are constructed from qualitative causal
relationships curated from relevant literature by using BEL version 1.0
(https://github.com/OpenBEL/language) (Figure S1). BEL is a tool
for representing published biological ﬁndings in a computable form by
coding molecular relationships as BEL statements. Each BEL statement
is a triple of a subject and an object (termed nodes) and a relationship
between them (called an edge). Nodes in a BEL statement represent
biological entities such as RNA, protein, protein activity, biological
process, or pathology. Edges represent positive or negative regulation.
Additionally, each BEL statement is annotated with metadata to
facilitate future veriﬁcation: the publication used to generate the
statement, species, tissue, and experimental methods. BEL statements
were generated with the assistance of the BEL Information Extraction
workFlow (BELIEF) semiautomated curation platform.17,18
To detect zebraﬁsh gene and protein names in scientiﬁc text and
encode them in BEL, we integrated two new components in BELIEF, a
named entity recognition module and a zebraﬁsh gene namespace for
BEL. For the named entity recognition module, we used the software
ProMiner, which facilitates detection of zebraﬁsh gene and protein
names in text through a dictionary- and rule-based approach.19 To build
the dictionary for ProMiner and the BEL namespace, we gathered
zebraﬁsh gene names and IDs from ZFIN, which serves as a zebraﬁsh
model organism database. It oﬀers the Genetic Markers database, which
includes identiﬁers, symbols, and names for various genetic objects such
as genes, pseudogenes, and transcripts.20 From this database, we
extracted all genes and pseudogenes, along with their unique identiﬁers.
We also employed the mappings between zebraﬁsh genetic markers and
the UniProt knowledgebase that are provided by the ZFIN Marker and
UniProtKB database.21
BEL statements were compiled into a cohesive network by using the
open-source compilation framework OpenBEL 3.0.0 (https://github.
com/OpenBEL/openbel-framework). The resulting network was
visualized by using the Cytoscape softwarean open-source platform
for representation and analysis of complex networks.22 An interactive
version of the network model is accessible on the Causal Biological
Network Database (http://causalbionet.com/Home/
NetworkVisualization/#/!/networkGraph?ID=
5ea0344201dd7708605b4e09).
Network Scoring. To avoid the assumption that mRNA abundance
corresponds with protein abundance and activity, we leveraged the
“reverse causal reasoning” paradigm.23 This paradigm relies on prior
knowledge of transcripts known to be diﬀerentially regulated by a given
node. For example, a transcriptomic experiment might indicate that
overexpression of a transcription factor leads to upregulation of
transcript set X and downregulation of transcript set Y (Figure 1a,b).
This gene expression signature may now be used to infer the activity of
this transcription factor in any given transcriptomic data set with
diﬀerential gene expression values. Such nodes, which harbor
information about regulation of gene expression, are called inferable
nodes (iNodes). Mapping these molecular signatures downstream of
the nodes in the network generates the downstream transcript layer.
Transcripts that constitute the transcript layer are directionally
connected to their corresponding node in the functional layer but not
to each other (Figure 1b). iNodes are built largely by using data
collected from publicly available transcriptomic data sets.
Inferred diﬀerential activity of individual iNodes (determined by
similarity between gene expression measured after chemical exposure
and gene expression encoded in the transcript layer for each node) in
the causal network allows quantiﬁcation of network perturbation
2551
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does the same, only for permutations of the edges in the functional layer
and is, therefore, a measure of the quality of the functional layer.
We performed leading node (LN) analysis to gain mechanistic
insights into network perturbation.24 LNs are nodes in the functional
layer that are responsible for 80% of the total NPA score and are,
therefore, the major drivers of network perturbation. Nodes contribute
more to the total NPA score if their inferred diﬀerential activity is high
and consistent with the neighboring nodes in the functional layer. This
analysis has been shown to be a useful way for interpreting the
biological basis of a given perturbation.15,24 In addition to identiﬁcation
of the important regions of the network responsible for the observed
impact, LN analysis indicates the directionality of the impact on each
node.

■

RESULTS
Zebraﬁsh Cardiotoxicity Network. The zebraﬁsh cardiotoxicity network is a compilation of computable statements
curated from peer-reviewed articles and encoded in BEL. We
selected articles that described cardiotoxic outcomes in zebraﬁsh
larvae brought about by chemical exposure and gain- or loss-offunction analysis. For this purpose, we did not take into account
the impact factor of the journal or any other measure for ranking
the articles, but relied on careful manual evaluation of the
articles. Of the nine adverse cardiac outcomes initially selected,
the following six were removed from the ﬁnal analysis because of
sparse mechanistic data: endomyocardial ﬁbrosis, cardiac
arrhythmia, Long QT syndrome, heart failure, hyperplasia, and
heart arrest. The remaining cardiotoxic outcomes, with suﬃcient
data available in the literature, were hypertrophy, edema, and
bradycardia. Cardiac hypertrophy is a pathological enlargement
of the heart muscle. Pericardial edema is caused by accumulation
of ﬂuid around the heart resulting in enlargement of the
pericardial sac. Bradycardia is characterized by an abnormally
slow heart rate. After establishing molecular events that lead to
cardiac toxicity (e.g., “activation of ahr2 increases cardiac
edema”), literature describing upstream and downstream events
was identiﬁed and curated (e.g., “activation of ahr2 increases
ptgs2b” and “ptgs2b increases cardiac edema”). Evidence was
also included from zebraﬁsh studies that relied on data
previously shown in other model organisms (e.g., rat or
mouse). These data were largely used to ﬁll gaps between
nodes corresponding to evolutionarily conserved pathways, such
as the mitogen-activated protein kinase (MAPK) cascade. This
approach resulted in the curation of 81 articles (listed in Table
S1) to create the causal cardiotoxicity network.
The network contains 232 nodes connected by 348 edges
(Figure 2a). Apart from the three pathologies already
mentioned, the nodes represent 99 proteins, 75 protein
activities, 15 mRNAs, 15 protein complexes, 9 metabolites, 8
biological processes, 5 protein families, and 3 microRNAs. Each
edge has associated metadata identifying the evidence, species,
Medical Subject Headings (MESH) terms, and publication used
to create the edge. The network is represented hierarchically,
with initiating events (such as receptor activation) at the top and
adverse outcomes (such as pathologies) at the bottom. The
nodes with the most inward connections are “hypertrophy”,
“cardiac edema”, and “cardiac muscle contraction” (Table 1).
The nodes with the most outgoing connections are calcium/
calmodulin-dependent protein kinase II beta 2 (camk2b2),
histone deacetylase 9b (hdac9b), and calcium ion (Table 1).
Many molecular pathways known to play a role in cardiac
toxicity are represented in the network (Figure 2b). For
example, the MAPK cascade is a highly conserved pathway that
regulates fundamental cellular processes such as proliferation

Figure 1. Reverse causal reasoning approach. (a) The functional layer
represents curated biological ﬁndings as a cohesive computable
network. (b) Transcripts that are known to be regulated by a node in
the functional layer (rectangles) are associated with that node and
constitute the transcript layer (circles). In this example, node C
upregulates transcript set X and downregulates transcript set Y.
Experimentally obtained diﬀerential expression values for sets X and Y
can be used to infer the activity of the upstream node C. In this example,
there is a close agreement between transcript abundances associated
with node C and treatment 1, but not treatment 2. On the basis of these
values, node C would be inferred to be activated because of treatment 1,
but not because of treatment 2. (c) Hypothetical example of a pathway
scored with two data sets. Red nodes are inferred to be upregulated;
blue nodes are inferred to be downregulated; gray nodes are unchanged.
High consistency between signed edges and inferred activities of the
nodes results in a high network perturbation amplitude (NPA) score
(top). Contradictions between node activities and edge signs produce a
low NPA score (bottom).
amplitude (NPA).24 NPA is a single value that is based both on
experimental data (gene expression after chemical exposure) and the
topology of the network. For example, if node A positively regulates
node B in the functional layer and both of their activities are inferred to
be high, the NPA value increases (Figure 1c). Conversely, if node A
activity is high, but the downstream node B activity is low, thus
introducing a contradiction between the topology of the network and
the experimental data, the NPA value decreases (Figure 1c). Therefore,
higher NPA values indicate that the inferred perturbations of the
network are consistent with our prior knowledge. For networks
describing molecular events leading to adverse outcomes, the NPA
value becomes a quantiﬁable measure of the outcome (e.g., toxicity or
disease), based solely on the transcriptomic data obtained from
experimental versus control samples. The network scoring algorithm is
described in detail by Florian et al.24 and is accessible as an R package
(available for download from the GitHub project pages https://github.
com/pmpsa-hpc/NPA and https://github.com/pmpsa-hpc/
NPAModels). The package also includes information on the transcript
layer used for scoring the network in this paper and thus allows
interested research communities to replicate our results or try our
approach by using their own zebraﬁsh gene expression data sets.
NPA values are reported with conﬁdence intervals and two
companion statistics: “o” and “k”. The conﬁdence intervals are
calculated on the basis of the assumption that the log-fold change
values of individual genes in the transcript layer are normally distributed
and give information on the variance of the NPA values, given the
network structure. The “o” statistic is calculated by permuting the labels
of the genes in the transcript layer and recalculating the NPA value. If
the original NPA is larger than the ﬁfth percentile of the permuted NPA,
then the assignment of transcript genes is adequate. The “k” statistic
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Figure 2. Functional layer of the zebraﬁsh cardiotoxicity network. (a) Causal biological network representing molecular events that lead to cardiotoxic
outcomes in zebraﬁsh. The network is represented hierarchically, with initiating events at the top and pathological end points at the bottom. (b)
Selected pathways extracted from the full network. Dotted line represents an indirect connection in the full network.

Table 1. Nodes with the Most Outward (Edges Out) and Inward (Edges In) Connections
node name

edges out

node name

edges in

act(p(ZFIN:camk2b2))
act(p(ZFIN:hdac9b))
act(p(ZFIN:ptpn11a))
act(p(ZFIN:ilk))
act(p(ZFIN:akt1))

7
6
5
5
5

path(MESHD:Hypertrophy)
path(MESHD:“Edema, Cardiac”)
bp(GOBP:“cardiac muscle contraction”)
p(ZFIN:akt1,pmod(P))
p(SFAM:“MAPK Erk1/2 Family”,pmod(P))

17
11
8
7
7

is implicated in cardiac hypertrophy.26 mTOR (mechanistic
target of rapamycin) acts downstream of PI3K (phosphatidylinositol 3-kinase) and PKB (protein kinase B), also known as

and diﬀerentiation. The signal within this pathway propagates
through sequential phosphorylation and activation of kinases
Raf, Mek1/2, and Erk1/2;25 improper activation of this cascade
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and pyrene (PYR) in zebraﬁsh embryos at 24 and 48 h
postexposure.34 PAHs are byproducts of combustion present in
the environment and are known to cause developmental
abnormalities in zebraﬁsh. All three chemicals induced
pericardial edema at 5 dpf in the study and can, therefore, be
classiﬁed as cardiotoxicants. Our NPA analysis revealed that
treatment with BAA and DBT did not signiﬁcantly perturb the
cardiotoxicity network at 24hpf; however, perturbation of the
network was signiﬁcant at 48hpf (Figure 3). PYR treatment did
not result in signiﬁcant network perturbation at either time
point.
In the GSE61155 study, zebraﬁsh larvae were treated with
trichloroethylene (TCE), an industrially used chlorinated
hydrocarbon of environmental concern.35 The authors reported
a signiﬁcant decrease in mitochondrial function in the heart of
zebraﬁsh larvae treated with TCE. In agreement, the transcriptome of TCE-treated zebraﬁsh showed signiﬁcant
perturbation of the cardiotoxicity network (Figure 3).
In the GSE72918 study, the authors treated zebraﬁsh larvae
with sorafenib, an anticancer drug associated with adverse
cardiac eﬀects in humans.36 Zebraﬁsh treated with sorafenib
exhibited pericardial edema at 4 dpf. In agreement with the
observed phenotype, the cardiotoxicity network was signiﬁcantly perturbed when scored with this data set (Figure 3).
Leading Node Analysis. We performed LN analysis to gain
mechanistic insights into the cardiotoxic outcomes induced by
the chemical treatments discussed above. As demonstrated in
the following section, this approach allows us to visualize signal
propagation through the network and deﬁne the most impacted
areas of the network. LN analysis was performed on signiﬁcantly
perturbed networks corresponding to treatments with BAA for
48 h, DBT for 48 h, sorafenib, and TCE (Table 2).
LN analysis of 48h BAA exposure revealed 33 LNs (Figure
4a). The aﬀected nodes in Figure 4a are colored and highlight
the aﬀected areas of the network. We extracted these LNs
together with adverse outcome nodes to create a subnetwork
that represents cardiotoxicity pathways induced by BAA (Figure
4b). This approach helped identify upregulation of the Akt1/
mTOR pathway and downregulation of the MAPK cascade after
BAA treatment. Additionally, transcription factors Jun and Stat3
were upregulated, and Creb1a (cAMP responsive element
binding protein 1a) was inferred to be downregulated in the
BAA-treated group. Nppa (natriuretic peptide A) and Nppb
were both inferred to be upregulated by BAA. Bmp2b (bone
morphogenetic protein 2b), Bmp4, Smad1 (SMAD family
member 1), and Smad5 were also upregulated by BAA
treatment. Thirty-seven LNs were identiﬁed in the 48h DBTtreated sample (Figure 5a). The LN subnetwork highlighted
upregulation of nitric oxide (NO), members of the MAPK
cascade, Akt1, Bmp/Smad, and Creb1a (Figure 5b).
Twenty-six LNs were identiﬁed in the sorafenib-treated group
(Figure 6a). The LN subnetwork identiﬁed upregulation of NO,
calcium, Tomm70a (translocase of outer mitochondrial
membrane 70 homologue A), Opa1 (OPA1 mitochondrial
dynamin like GTPase), Raf1a (Raf-1 proto-oncogene, serine/
threonine kinase a), Creb1a, and Bmp/Smad (Figure 6b).
TCE treatment resulted in 41 LNs (Figure 7a). The LN
subnetwork revealed elevated activity of MAPK cascade,
reactive oxygen species (ROS), and Creb1a and reduced activity
of NO, PI3K/Akt/mTOR signaling, Jun, NADH dehydrogenase
complex I, Opa1, Hmox1 (heme oxygenase 1), Vegfaa (vascular
endothelial growth factor Aa), and Kdrl (kinase insert domain
receptor like) (Figure 7b).

Akt, and regulates cell growth. As such, mTOR signaling is
indispensable for normal embryonic cardiac development;
however, excessive activation of this pathway is associated
with cardiac disease.27 Calcium plays an essential role in cardiac
contraction. Calcium binds its target calmodulin (calm1a) and
triggers activation of camk2b (Ca2+/calmodulin-dependent
protein kinase II), which, in turn, facilitates the opening of the Ltype calcium channel (cacnb2). The resultant increase in
intracellular calcium levels is necessary for cardiac muscle
contraction, as experimental inhibition of components of this
pathway causes bradycardia, among other phenotypes.28 RhoA
(ras homologue family member A) is a small GTPase that
regulates actin reorganization and cell contraction by activating
its downstream eﬀectors rock1(rho-associated kinase) and
mylk3(myosin light chain kinase 3).29 Zebraﬁsh larvae deﬁcient
in mylk3 develop cardiac edema.30 Additionally, the network
describes two adverse outcome pathways (AOPs) currently
under development in the AOP database AOPwiki (www.
aopwiki.org) (Figure 2b): “Aryl hydrocarbon receptor activation
leading to early life stage mortality, via reduced VEGF” (AOP
150) and “Aryl hydrocarbon receptor activation leading to early
life stage mortality, via increased COX-2” (AOP 21).31,32
Network Scoring with Public Data Sets. To test the
ability of the cardiotoxicity network to reﬂect in vivo outcomes,
we sought publicly available transcriptomic data sets with
associated descriptive cardiotoxic outcomes in zebraﬁsh larvae.
To perform this analysis, we selected data sets GSE55618,
GSE44130, GSE61155, and GSE72918 from the Gene
Expression Omnibus repository. Data set GSE5561833 was
included to provide a DMSO negative control, to which the
following results were normalized to (Figure 3). All the data sets
used for network scoring were independent from the studies
used to construct the network.
In the GSE44130 study, the authors evaluated transcriptional
responses induced by three polycyclic aromatic hydrocarbons
(PAHs), benz[a]anthracene (BAA), dibenzothiophene (DBT),

Figure 3. NPA scores for the indicated chemical treatments. Values are
normalized to DMSO treatment (dotted line). Gray bars indicate
nonsigniﬁcant perturbation. Orange bars and red asterisks indicate
signiﬁcant perturbation. Error bars represent 95% conﬁdence intervals.
*p < 0.05. “O” statistic indicates that permutation of the transcript layer
results in a signiﬁcantly diﬀerent NPA. “K” statistic indicates that
permutation of the functional layer results in a signiﬁcantly diﬀerent
NPA. NPA − network perturbation amplitude.
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Table 2. Leading Nodes Listed in Order from Highest Contribution to NPA to Lowest
BAA48

DBT48

sorafenib

act(p(HGNC:JUN))
act(p(HGNC:STAT3))

act(p(HGNC:RAF1))
p(HGNC:RAF1)

a(CHEBI: “nitric oxide”)
m(ZFIN:mir182)

act(p(HGNC:RAF1))
act(p(SFAM:“MEK1/2 Family”))
act(p(SFAM:“MAPK Erk1/2 Family”))
p(SFAM:“MAPK Erk1/2 Family”,pmod(P))
p(HGNC:RAF1)
p(ZFIN:raf1a,pmod(P))
p(HGNC:CREB1)
p(SFAM:“MEK1/2 Family”)
p(SFAM:“MEK1/2 Family”,pmod(P))
act(p(HGNC:SIRT6))
act(p(HGNC:BMP4))
p(HGNC:STAT3)

act(p(HGNC:EGR1))
p(HGNC:RGS4)
p(HGNC:TOMM70)
p(HGNC:BCAT2)
act(m(ZFIN:mir182))
p(HGNC:EGR1)
act(p(HGNC:TOMM70))
act(p(HGNC:MAPK14))
act(p(HGNC:RGS4))
a(CHEBI:“calcium(2+)”)
act(p(HGNC:BMP4))
p(HGNC:OPA1)

act(p(HGNC:CREB1))
p(SFAM:“MAPK Erk1/2 Family”)
act(p(HGNC:IRF4))
p(HGNC:NPPA)
p(HGNC:SIRT6)
p(ZFIN:smad1,pmod(P))
p(ZFIN:smad5,pmod(P))

p(ZFIN:raf1a,pmod(P))
act(p(HGNC:BMP4))
p(SFAM:“MAPK Erk1/2 Family”,pmod(P))
act(p(HGNC:AKT1))
act(p(SFAM:“MAPK Erk1/2 Family”))
p(HGNC:CREB1)
p(ZFIN:smad1,pmod(P))
p(HGNC:BMP4)
p(ZFIN:smad5,pmod(P))
act(p(SFAM:“MEK1/2 Family”))
p(SFAM:“MAPK Erk1/2 Family”)
complex(SCOMP:“p85/p110 PI3Kinase
Complex”)
m(ZFIN:mir182)
path(MESHD:Hypertrophy)
a(CHEBI:“nitric oxide”)
p(SFAM:“MEK1/2 Family”,pmod(P))
p(SFAM:“MEK1/2 Family”)
act(p(HGNC:EGR1))
act(p(HGNC:IRF4))

p(ZFIN:nppb)

p(HGNC:RGS4)

act(p(HGNC:BMP2))
p(HGNC:JUN)
act(p(HGNC:PTGS2))
act(p(HGNC:EGR1))
p(HGNC:BMP4)
p(HGNC:AKT1)
act(p(HGNC:PTPN11))
p(HGNC:MTOR)

p(ZFIN:rps6,pmod(P))
p(HGNC:BCAT2)
act(p(HGNC:MAPK14))
act(p(HGNC:RGS4))
p(HGNC:TOMM70)
p(HGNC:SMAD1)
act(p(HGNC:SMAD1))
complex(GOCC:“G-protein beta/gammasubunit complex”)
act(m(ZFIN:mir182))
p(ZFIN:mapk1,pmod(P))
p(ZFIN:mapk3,pmod(P))

p(HGNC:IRF4)
act(p(HGNC:MAPK14))
act(p(HGNC:AKT1))

p(ZFIN:akt1,pmod(P))
act(p(HGNC:TOMM70))
act(p(HGNC:BMP2))
act(p(HGNC:IGF1R))

■

p(HGNC:MAPK14)
p(ZFIN:smad1,pmod(P))
act(p(HGNC:BMP2))
p(ZFIN:smad5,pmod(P))
p(HGNC:CREB1)
act(p(HGNC:ROCK1))
complex(GOCC:“G-protein
beta/gamma-subunit
complex”)
act(p(HGNC:OPA1))
act(p(HGNC:BCAT2))
act(p(HGNC:RAF1))
p(HGNC:BMP4)

TCE
act(p(SFAM: “MAPK Erk1/2 Family”))
p(SFAM:“MAPK Erk1/2
Family”,pmod(P))
act(p(HGNC:RAF1))
a(CHEBI:“reactive oxygen species”)
p(SFAM:“MAPK Erk1/2 Family”)
act(p(HGNC:PTPN11))
p(HGNC:RAF1)
p(ZFIN:raf1a,pmod(P))
p(ZFIN:mapk3,pmod(P))
p(ZFIN:mapk1,pmod(P))
m(ZFIN:mir182)
p(HGNC:CREB1)
a(CHEBI:“nitric oxide”)
act(p(HGNC:STAT3))
p(HGNC:BCAT2)
p(HGNC:RGS4)
a(CHEBI:bilirubin)
act(p(HGNC:HMOX1))
act(p(HGNC:JUN))
act(m(ZFIN:mir182))
act(p(HGNC:VEGFA))

complex(SCOMP:“NADH
Dehydrogenase Complex I”)
p(ZFIN:akt1,pmod(P))
act(p(HGNC:IRF4))
act(p(HGNC:RGS4))
path(MESHD:Hypertrophy)
act(p(SFAM:“MEK1/2 Family”))
act(p(HGNC:ROCK1))
p(HGNC:HMOX1)
p(ZFIN:kdrl)
act(p(HGNC:OPA1))
p(HGNC:STAT3)
complex(SCOMP:“p85/p110 PI3Kinase
Complex”)
p(HGNC:MAPK3)
p(HGNC:MAPK1)
p(HGNC:VEGFA)
p(HGNC:MTOR)
p(HGNC:NPPA)
complex(GOCC:“G-protein beta/gammasubunit complex”)
act(p(HGNC:CREB1))
act(p(HGNC:BMP4))

developed the ﬁrst computable causal biological network for
describing cardiotoxicity in ﬁsh.
Cardiotoxicity Network and AOPs. The causal cardiotoxicity network describes our current mechanistic knowledge on
three cardiac adverse outcomes in zebraﬁsh. Enlargement of the
heart and pericardial area and changes in heartbeat are sensitive
indicators of cardiac toxicity in zebraﬁsh larvae. Therefore, these
adverse outcomes are often reported as a part of toxicological
assessment. Reﬂecting this, the nodes with the most inward
connections are hypertrophy, pericardial edema, and cardiac
muscle contraction. The functional layer of the network is quite
large (232 nodes and 348 edges) and includes many molecular
pathways known to play a role in ﬁsh and mammalian
cardiotoxicity (Figure 2b). These and other pathways share

DISCUSSION

In the past decade, it has been increasingly recognized that
knowledge and information about chemical toxicity to species
not traditionally used in chemical risk assessment can be useful
when evaluating adverse eﬀects on humans, and vice versa.37
The zebraﬁsh is a small vertebrate amenable to high-throughput
methods and systems approaches. These characteristics make
the zebraﬁsh well suited for toxicological assessment of drugs
and chemical pollutants. Understanding the molecular mechanisms behind chemical toxicity might help extrapolate the data
to other species, including humans, as well as identify eﬀective
preventative or therapeutic measures. To address this need, we
2555

https://dx.doi.org/10.1021/acs.chemrestox.0c00095
Chem. Res. Toxicol. 2020, 33, 2550−2564

Chemical Research in Toxicology

pubs.acs.org/crt

Article

Figure 4. BAA 48h LN analysis. (a) Cardiotoxicity network scored with the BAA 48h transcriptome. LNs and their percentage contribution to the
NPA are indicated in blue (downregulation) and red (activation). (b) LNs extracted into a subnetwork. Dotted lines connect nodes that are indirectly
connected in the main model. BAA −benz[a]anthracene, LNs−leading nodes, NPA − network perturbation amplitude.

key nodes in the network. Such connectedness, unique to large
biological networks, might, in the future, facilitate discovery of
cross-talk between signaling pathways involved in cardiac

toxicity, detection of faithful biomarkers of chemical toxicity,
and identiﬁcation of candidate cardiac drug targets.
2556
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Figure 5. DBT 48h LN analysis. (a) Cardiotoxicity network scored with the DBT 48h transcriptome. LNs and their percentage contribution to the
NPA are indicated in blue (downregulation) and red (activation). (b) LNs extracted into a subnetwork. Dotted lines connect nodes that are indirectly
connected in the main model. DBT − dibenzothiophene, NPA − network perturbation amplitude.

The in-depth curation based on literature, directionality of
edges between nodes, and inclusion of nodes that represent

diverse levels of biological organization make our method
similar to the approach taken in developing AOPs.38,39
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Figure 6. Sorafenib LN analysis. (a) Cardiotoxicity network scored with the sorafenib transcriptome. LNs and their percentage contribution to the
NPA are indicated in blue (downregulation) and red (activation). (b) LNs extracted into a subnetwork. Dotted lines connect nodes that are indirectly
connected in the main model. LNs −leading nodes, NPA − network perturbation amplitude.

developed quantitative AOP methodologies that can be used to
infer chemical toxicity.42,43 Lastly, similarly to AOPs, the
network is chemical agnostic. To leverage the network as an
AOP resource, we are currently working on automatically
extracting useful pathways from receptors or molecular initiating
events to adverse outcomes. This is possible by identifying
simple paths between relevant nodes, but the challenge is
identifying a smaller number of the most toxicologically relevant
paths among the myriad of possible paths that the network
oﬀers. One way to narrow down these possibilities in the future

Therefore, it is not surprising that some of the AOPs recently
released by the OECD (Organisation for Economic Cooperation and Development)AOP 21 and AOP 150can
also be found in our network.31,32 This similarity makes the
curated functional layer of the network a useful resource for
future AOP development. In eﬀect, the network may be thought
of as a network of putative AOPs that share key events.
Pertinently, the concept of AOP networks is an emerging area of
AOP research, designed to address the inherent simplicity of
individual AOPs,40,41 and our approach is similar to the recently
2558
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Figure 7. TCE LN analysis. (a) Cardiotoxicity network scored with the TCE transcriptome. LNs and their percentage contribution to the NPA are
indicated in blue (downregulation) and red (activation). (b) LNs extracted into a subnetwork. Dotted lines connect nodes that are indirectly
connected in the main model. TCE − trichloroethylene, LNs − leading nodes, NPA − network perturbation amplitude.

expression in zebraﬁsh for known cardiotoxicants. We sought to
test whether, and under what conditions, our approach is able to
infer cardiotoxicity, and which molecular pathways contributed
the most to perturbation of the causal network.
Network Scoring with PAHs. Goodale et al. exposed
zebraﬁsh to BAA, DBT, or PYR and reported pericardial edema

is to identify most frequently detected LNs that play a role in
chemical cardiotoxicity and use them as a starting point for AOP
generation.
Network Scoring. To test the utility of our approach in
predicting cardiotoxicity, we selected several studies in which
researchers evaluated cardiac phenotypes and measured gene
2559

https://dx.doi.org/10.1021/acs.chemrestox.0c00095
Chem. Res. Toxicol. 2020, 33, 2550−2564

Chemical Research in Toxicology

pubs.acs.org/crt

at 120 hpf.34 The authors measured gene expression at 24 and 48
hpf in order to evaluate gene expression as an early marker of
cardiotoxicity. Our approach was not successful in identifying
cardiotoxicity after PYR treatment at either time point. The
lower body burden in PYR treatment compared to the other
PAHs in the data set34 is a likely factor in this. We could infer
cardiotoxicity after BAA and DBT treatment at 48 h but not at
24 h. The zebraﬁsh heart just begins to function at 24 h,44 and
the transcriptome is highly dynamic during heart morphogenesis.45 It is probable that, at these early stages, changes in
gene expression are largely driven by heart morphogenesis,
obscuring any cardiotoxic eﬀects. However, at 48 h−3 days
before the cardiac phenotype was reportedour systems
toxicology approach predicted cardiotoxic outcomes in response
to BAA and DBT treatment, indicating that the method is more
eﬀective in predicting eﬀects for longer exposure and greater
maturity.
We performed LN analysis to gain insights into the underlying
mechanisms of cardiotoxicity induced by the above chemicals.
Goodale et al. noted that, although the cardiac phenotype was
present in both BAA and DBT treatments, the transcriptional
responses to BAA and DBT treatment were largely distinct
despite some similarities. Reﬂecting this observation, our LN
analysis identiﬁed nodes and pathways both similarly and
diﬀerentially regulated in response to the two treatments. For
example, Akt activity was upregulated in response to both BAA
and DBT treatments. Akt/mTOR signaling promotes protein
synthesis and cell growth and proliferation under normal
conditions,27 and the lack of mTOR in embryonic murine heart
results in cardiac failure.46 In experimentally induced cardiac
hypertrophy in adult zebraﬁsh47 and mice,48 mTOR signaling is
upregulated, and inhibition of mTOR has a cardioprotective
eﬀect. Our results implicate elevated Akt/mTOR signaling in
the cardiotoxicity observed in BAA- and DBT-treated zebraﬁsh
embryos.
In contrast, the activity of the MAPK cascade was upregulated
in DBT-treated samples and downregulated in BAA-treated
embryos. Evidence from mouse models suggests a complex role
for the MAPK pathway in cardiac pathologies.49 On the one
hand, activation of Erk1/2 by the MAPK cascade is implicated in
the adaptive cardioprotective response. Its inactivation is
associated with a transition from compensatory cardiac
hypertrophy to maladaptive hypertrophy and heart failure.50
On the other hand, Erk1/2 is activated in response to pressure
overload and chemotherapeutic treatment and participates in
the progression of cardiac pathologies.51,52 Thus, activity of the
Erk1/2 node in the network may either indicate a compensatory
response or implicate the MAPK pathway in cardiotoxic
outcomes. In the future, transcriptome analysis at additional
time points should help to uncover the dynamics of Erk1/2
activation during exposure to PAHs and in turn help to decipher
the role of MAPK signaling in the cardiotoxic eﬀects exerted by
PAHs.
BAA treatment resulted in increased Nppa and Nppb activity.
During embryonic development, both proteins are expressed in
the heart and play a role in cardiac morphogenesis.53 Under
cardiac stress, however, the expression levels of Nppa and Nppb
are strongly increased, which makes them reliable markers of
heart disease.54 For example, Nppa is upregulated in the
zebraﬁsh model of hypertrophic cardiomyopathy.55 Additionally, embryonic exposure to PAHs leads to elevated Nppa
expression and hypertrophy in adult zebraﬁsh.56 The cardiotoxicity network analysis predicts that Nppa and Nppb are activated

Article

by BAA as early as 48 hpf and can be used as early markers of
cardiac stress. Sirtuin 6 (Sirt6) was inferred to be downregulated
by BAA. Sirt6 is a stress-responsive protein that plays a role in
metabolism, aging, and disease.57 Reduced Sirt6 expression
levels have been reported in the failing human heart as well as in
experimental murine models of cardiac hypertrophy.58 Our
results suggest that the cardiac toxicity induced by BAA in
zebraﬁsh shares molecular mechanisms with mammalian cardiac
hypertrophy.
NO was upregulated in response to DBT treatment. NO is an
essential regulator of cardiac contractility and mitochondrial
respiration. However, excessive NO levels can result in heart
failure59 and might underlie the cardiac phenotype induced by
DBT. Bmp/Smad signaling was activated by both BAA and DBT
treatment. Smad signaling is involved in the initiation and
progression of many heart diseases60 and possibly plays a role in
PAH-induced cardiotoxicity. However, Bmp/Smad signaling is
essential for cardiac development during embryogenesis;61
therefore, it is possible that the Bmp/Smad activation observed
here reﬂects interference with cardiac development, rather than
a speciﬁc cardiotoxic eﬀect. Finally, Goodale et al. identiﬁed
major transcription factors predicted to regulate diﬀerentially
expressed genes in the data set. Among the transcription factors
identiﬁed as signiﬁcant were Jun and Creb1a1. In agreement,
both of these nodes are also signiﬁcant contributors to the
network perturbation.
Network Scoring with Sorafenib. In the second data set,
Kawabata et al. treated zebraﬁsh larvae with two concentrations
of sorafenib.36 The authors reported that 3 μM sorafenib
induced cardiac edema and high mortality in zebraﬁsh larvae,
while 1 μM sorafenib did not cause morphological changes, but
resulted in decreased ventricular dimension, suggesting impairment of cardiac function. The transcriptome of zebraﬁsh treated
with 1 μM sorafenib showed signiﬁcant perturbation of the
cardiotoxicity network, indicating that the network analysis is
sensitive to not only anatomical changes but also physiological
changes in the heart.
NO, Creb1a1, and Bmp/Smad were inferred to be
upregulated upon sorafenib exposure. Additionally, Tomm70a
and Opa1 were upregulated in sorafenib-treated samples. The
expression levels of Tomm70a, a translocase of the mitochondrial outer membrane, and Opa1, its downstream eﬀector in the
mitochondria, show a general decrease in the pathological
myocardium of rats and mice. However, this ultimate decline in
expression is preceded by a signiﬁcant increase in Tomm70
protein levels in the ﬁrst 3 days after initiation of cardiac
hypertrophy.62 Furthermore, zebraﬁsh larvae treated with
chlorpyrifos oxon (the active metabolite of the pesticide
chlorpyrifos) for 24 h show increased Tomm70a and Opa1
expression.63 Similarly, Kawabata et al. conducted the sorafenib
exposure experiment for 24 h. Thus, it is possible that early
upregulation of Tomm70a and Opa1 is a compensatory
response to a chemical challenge that, under sustained exposure,
progresses to downregulation of these genes and eventually
results in mitochondrial dysfunction.
Network Scoring with TCE. Lastly, Wirbisky et al.35 treated
zebraﬁsh larvae with TCE, an environmental pollutant that
elicits developmental cardiotoxicity in chicks and rats.64,65 The
cardiotoxicity network was signiﬁcantly perturbed in response to
TCE treatment. The authors reported that TCE-treated larvae
displayed mitochondrial dysfunction and decreased angiogenesis.35 In agreement with the observed phenotype, scoring
of the cardiotoxicity network with this data set revealed
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of standardized publicly available transcriptomic data sets, we
are conducting a chemical screen in accordance with the OECD
ﬁsh embryo toxicity test to compare network scoring with
transcriptomic data and apical end points. Chemicals with
known cardiotoxic eﬀects will be used to validate the network.
Conversely, network scoring results will be used to investigate
chemicals with unknown eﬀects. We envisage such an approach
to be useful to study not only environmental chemicals but also
potential drugs for on or oﬀ-target eﬀects, food additives, and
chemical mixtures.
Some nodes and even whole pathways in the cardiotoxicity
network play roles outside of the heart and may be detected as
unspeciﬁc events. To mitigate this, the NPA measures the
impact on the network as a whole and not on isolated pathways.
Nevertheless, it is currently diﬃcult to say how speciﬁc our
approach is to cardiac toxicity. We expect this to be clearer in the
future as more data sets are scored with the network.
The noncomputer-readable language used in scientiﬁc
publications necessitates extensive manual curation of scientiﬁc
ﬁndings before they are ready as input for computational
approaches. The semiautomated approach used in BELIEF
addresses this to an extent. However, human contribution
remains a necessary and thus a rate-limiting step. It is tempting
to envisage the future emergence of a central repository of BEL
statements with associated literature and annotations, veriﬁed by
researchers as a collective, akin to resources like Wikipedia. One
immediately available approach for alleviating this congestion
could be for authors of peer-reviewed manuscripts to include
BEL statements supported by evidence in their publications.
This would greatly facilitate text-mining and network model
building.

downregulation of mitochondrial Opa1 and NADH dehydrogenase complex I as well as downregulation of vascularassociated Vegfaa and its receptor Kdrl.
Network scoring revealed that TCE treatment induced ROS
production and increased MAPK signaling. Mitochondrial
dysfunction is widely implicated in cardiac toxicity.66 Speciﬁcally, decreased complex I activity is associated with increased
ROS production and apoptosis.67 Elevated ROS level, in turn,
has been implicated in promoting hypertrophic gene expression
via the MAPK cascade.68 Additionally, bovine coronary
endothelial cells exposed to TCE show increased ROS levels,
decreased NO levels, and decreased proliferation.69 Accordingly, NO was inferred to be downregulated in TCE-treated
larvae. Lastly, Vegf- and Kdrl-dependent angiogenesis is
essential for compensatory cardiac response to stress, and
inhibition of this process promotes the transition from
compensation to heart failure in mice.70 LN analysis accurately
captured the perturbation of these pathways in TCE-treated
zebraﬁsh larvae and pinpointed the molecular mechanisms
underpinning the observed phenotype.
Limitations and Future Directions. A network model
based on scientiﬁc literature highly depends on the source
material. Curation of unreliable data is likely to have eﬀects on
the subsequent scoring results. We mitigated this possibility in
the following ways: all the papers were curated manually and
judged to be of suﬃcient quality; gap-ﬁlling during network
construction encouraged re-evaluation of the construction at
each point; although the edges in the network have evidence
from at least one paper, many edges have multiple lines of
evidence, thus reducing sensitivity to single results; network
perturbation measures eﬀects on the network as a whole, thus
also reducing sensitivity to single edges that may prove to be
unreliable.
Of the ﬁve cardiotoxicants evaluated in this study, we were
able to correctly identify four. The results suggest that the time
at which gene expression measurements are made is very
important for using the presented approach in an optimal way.
We did not detect cardiotoxicity at 24 hpf with any of the
chemicals tested. This indicates that our approach is suitable for
larval stages but, with the current cardiotoxicity network, should
not be used for early embryonic stages. At the moment, there is
no standardized method for collecting transcriptomic data for
toxicological assessment. Experimental designs vary in terms of
chemical concentration in relation to phenotypic (EC) or lethal
(LC) eﬀects, presence or absence of solvents, embryo age at the
start of exposure, exposure duration, presence or absence of the
chorion, and light and temperature conditions. The transcript
layer of our causal network, therefore, may not always reﬂect the
experimental conditions of the query transcriptome. Our
transcript layer includes data from many diﬀerent studies that
measured gene expression at diﬀerent times after chemical
exposure. For example, transcripts measured 8 h after activation
of a node in the network might be mapped to that node. Scoring
of the network with a transcriptome collected 48 h after this
node was active might not identify this activation because of the
time discrepancy. Indeed, the cardiotoxic eﬀects of PAHs are
widely thought to be initiated by activation of the aryl
hydrocarbon receptor Ahr2.71 However, in the present study,
network scoring did not identify Ahr2 as a LN. With the growing
popularity of the zebraﬁsh as a model organism, and with more
standardized transcriptomic data becoming available, we intend
to continuously update the current version of the model (v1.0)
on causalbionet.com to improve its accuracy. To address the lack

■

CONCLUDING REMARKS
In summary, we have presented a method for cardiotoxicological
assessment of chemicals based on transcriptomic data. This
method helps extract data of interest from the whole
transcriptome. In this regard, the cardiac network can be used
to ﬁlter out unrelated information and reveal chemical toxicity
speciﬁcally in the heart. The method includes a measure of
perturbation of the network (NPA) and an analysis of the main
events and pathways responsible for the perturbation. This
represents a big step forward compared with conventional
transcriptomics analysis. Although conventional methods are
very useful for ﬁnding novel molecular mechanisms of chemicalinduced toxicity,72 they do not easily allow us to connect
transcriptomic changes to the phenotype of interest. We have
shown that the NPA score matches the observed phenotypes
even when transcriptomic samples are taken several days before
the phenotype is observed, but after major developmental events
have concluded. The reduction of high-dimensional transcriptomic data into a single NPA allows comparison between
several conditions such as disease progression stages, dose
responses, time courses, and treatments. An additional
advantage is that only one experimental assay (transcriptomics
analysis) is needed to infer the main toxic molecular events,
circumventing the need for diﬀerent assays with diﬀerent levels
of complexity. However, the accuracy here depends on the
quality of the transcriptomic data sets in the transcript layer of
the network and should, therefore, be interpreted with some
caution, especially in cases when the transcript layer data sets
and the data set used for evaluation come from diﬀerent
experimental designs. While further testing of this approach is
necessary in both cardiotoxicological assessment and other types
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AOP, adverse outcome pathway
ZFIN, zebraﬁsh information network
PAHs, polycyclic aromatic hydrocarbons
BAA, benz[a]anthracene
DBT, dibenzothiophene
PYR, pyrene
TCE, trichloroethylene

of toxicity, we believe that the developed network and scoring
approach will be useful for both human and ecotoxicological
chemical screening.

■

ASSOCIATED CONTENT

sı Supporting Information
*

The Supporting Information is available free of charge at
https://pubs.acs.org/doi/10.1021/acs.chemrestox.0c00095.
Curation workﬂow (PDF)
Publications curated to create the network (XLSX)

■

Article

■

REFERENCES

(1) Onakpoya, I. J., Heneghan, C. J., and Aronson, J. K. (2016) Postmarketing withdrawal of 462 medicinal products because of adverse
drug reactions: a systematic review of the world literature. BMC Med.
14, 10.
(2) Georgiadis, N., Tsarouhas, K., Tsitsimpikou, C., Vardavas, A.,
Rezaee, R., Germanakis, I., Tsatsakis, A., Stagos, D., and Kouretas, D.
(2018) Pesticides and cardiotoxicity. Where do we stand? Toxicol. Appl.
Pharmacol. 353, 1−14.
(3) Strahle, U., Scholz, S., Geisler, R., Greiner, P., Hollert, H., Rastegar,
S., Schumacher, A., Selderslaghs, I., Weiss, C., Witters, H., and
Braunbeck, T. (2012) Zebrafish embryos as an alternative to animal
experiments–a commentary on the definition of the onset of protected
life stages in animal welfare regulations. Reprod. Toxicol. 33 (2), 128−
32.
(4) Dai, Y. J., Jia, Y. F., Chen, N., Bian, W. P., Li, Q. K., Ma, Y. B., Chen,
Y. L., and Pei, D. S. (2014) Zebrafish as a model system to study
toxicology. Environ. Toxicol. Chem. 33 (1), 11−7.
(5) Truong, L., and Tanguay, R. L. (2017) Evaluation of
Embryotoxicity Using the Zebraﬁsh Model. In Drug Safety Evaluation:
Methods and Protocols (Gautier, J.-C., Ed.), pp 325−333, Springer,
Berlin.
(6) Milan, D. J., Peterson, T. A., Ruskin, J. N., Peterson, R. T., and
MacRae, C. A. (2003) Drugs that induce repolarization abnormalities
cause bradycardia in zebrafish. Circulation 107 (10), 1355−8.
(7) Zhu, J. J., Xu, Y. Q., He, J. H., Yu, H. P., Huang, C. J., Gao, J. M.,
Dong, Q. X., Xuan, Y. X., and Li, C. Q. (2014) Human cardiotoxic drugs
delivered by soaking and microinjection induce cardiovascular toxicity
in zebrafish. J. Appl. Toxicol. 34 (2), 139−48.
(8) De Luca, E., Zaccaria, G. M., Hadhoud, M., Rizzo, G., Ponzini, R.,
Morbiducci, U., and Santoro, M. M. (2015) ZebraBeat: a flexible
platform for the analysis of the cardiac rate in zebrafish embryos. Sci.
Rep. 4, 4898.
(9) Hodgson, P., Ireland, J., and Grunow, B. (2018) Fish, the better
model in human heart research? Zebrafish Heart aggregates as a 3D
spontaneously cardiomyogenic in vitro model system. Prog. Biophys.
Mol. Biol. 138, 132−141.
(10) Pelster, B., and Burggren, W. W. (1996) Disruption of
hemoglobin oxygen transport does not impact oxygen-dependent
physiological processes in developing embryos of zebra fish (Danio
rerio). Circ. Res. 79 (2), 358−62.
(11) Scholz, S., Fischer, S., Gundel, U., Kuster, E., Luckenbach, T., and
Voelker, D. (2008) The zebrafish embryo model in environmental risk
assessment–applications beyond acute toxicity testing. Environ. Sci.
Pollut. Res. 15 (5), 394−404.
(12) McGrath, P., and Li, C. Q. (2008) Zebrafish: a predictive model
for assessing drug-induced toxicity. Drug Discovery Today 13 (9−10),
394−401.
(13) Alexander-Dann, B., Pruteanu, L. L., Oerton, E., Sharma, N.,
Berindan-Neagoe, I., Modos, D., and Bender, A. (2018) Developments
in toxicogenomics: understanding and predicting compound-induced
toxicity from gene expression data. Mol. Omics 14 (4), 218−236.
(14) Schuttler, A., Reiche, K., Altenburger, R., and Busch, W. (2017)
The Transcriptome of the Zebrafish Embryo After Chemical Exposure:
A Meta-Analysis. Toxicol. Sci. 157 (2), 291−304.
(15) Hoeng, J., Deehan, R., Pratt, D., Martin, F., Sewer, A., Thomson,
T. M., Drubin, D. A., Waters, C. A., de Graaf, D., and Peitsch, M. C.
(2012) A network-based approach to quantifying the impact of
biologically active substances. Drug Discovery Today 17 (9−10), 413−8.

AUTHOR INFORMATION

Corresponding Authors

Marja Talikka − PMI R&D, Philip Morris Products S.A., CH2000 Neuchâtel, Switzerland; Email: Marja.talikka@pmi.com
Roman Li − Swiss Federal Institute of Aquatic Science and
Technology, Eawag, CH-8600 Dübendorf, Switzerland; PMI
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