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Abstract

Background: Zebrafish is a popular animal model used for high-throughput screening of chemical hazards,
however, investigations of transcriptomic mechanisms of toxicity are still needed. Here, our goal was to identify
genes and biological pathways that Aryl Hydrocarbon Receptor 2 (AHR2) Activators and flame retardant chemicals
(FRCs) alter in developing zebrafish. Taking advantage of a compendium of phenotypically-anchored RNA
sequencing data collected from 48-h post fertilization (hpf) zebrafish, we inferred a co-expression network that
grouped genes based on their transcriptional response.

Results: Genes responding to the FRCs and AHR2 Activators localized to distinct regions of the network, with FRCs
inducing a broader response related to neurobehavior. AHR2 Activators centered in one region related to chemical
stress responses. We also discovered several highly co-expressed genes in this module, including cypla, and we
subsequently show that these genes are definitively within the AHR2 signaling pathway. Systematic removal of the
two chemical types from the data, and analysis of network changes identified neurogenesis associated with FRCs,
and regulation of vascular development associated with both chemical classes. We also identified highly connected
genes responding specifically to each class that are potential biomarkers of exposure.

Conclusions: Overall, we created the first zebrafish chemical-specific gene co-expression network illuminating how
chemicals alter the transcriptome relative to each other. In addition to our conclusions regarding FRCs and AHR2
Activators, our network can be leveraged by other studies investigating chemical mechanisms of toxicity.

Keywords: Zebrafish, Gene co-expression, Transcriptomics, Aryl hydrocarbon receptor, Flame retardant chemicals,
Network, Development

Background health effects. High-throughput (HTP) in vitro assays are

With advancements in technology and medical science,
various types of chemicals (xenobiotics, drugs, etc) are
being applied to both the natural environment and hu-
man body. However, the majority of these chemicals are
yet to be evaluated for their potential to cause adverse
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popular methods used to estimate chemical toxicity and
identify underlying molecular events [1]. Despite their
application to determine whether a chemical class may
be toxic, we still lack adequate knowledge of the mecha-
nisms of toxicity of many chemicals [2] preventing us
from connecting assay measurements to phenotypes.
Animal models can be a more translatable way of reveal-
ing chemical hazard potential to humans, with both me-
tabolism and integrated tissue systems. However, high
cost and low throughput are often barriers to testing
across a large chemical space. These barriers have been
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serious deficiencies in advancing chemical risk assess-
ment, and thus a HTP and accurate prediction of which
chemicals may be toxic is an essential next step in the
evaluation of chemical safety [3].

A popular HTP animal model, zebrafish (D. rerio),
by virtue of its rapid development [4] and high
physiological and genetic similarity to humans [5], is
being leveraged to identify chemical hazards [6] and
to determine the molecular signaling events that pre-
cede adverse phenotypic outcomes [7]. One of the
main -omics techniques that is applied to zebrafish is
transcriptomics, which uses RNA sequencing analysis
to provide an unbiased snapshot of gene expression
changes associated with a particular chemical expos-
ure [8]. Numerous transcriptomic studies in both de-
veloping and adult zebrafish leave no doubt that
diverse chemical exposures often result in diverse
gene expression changes [9-11]. Such studies have
led to the discovery of transcripts important for the
manifestation of higher level toxicity effects [12, 13]
and to a large relational database of chemical-
zebrafish transcriptome responses.

Much of this transcriptomic data collected from devel-
oping zebrafish has examined toxicants from a variety of
different classes. Polycyclic aromatic hydrocarbons
(PAHs), are a large class of ubiquitous environmental
pollutants, and human exposure has been linked to car-
diovascular disease, respiratory problems, carcinogen-
icity, and developmental deficits [14, 15]. The molecular
initiating event of many PAHs is the aryl hydrocarbon
receptor (AHR), and PAHs have been shown to bind all
three orthologs of AHR in zebrafish, with AHR2 being
the predominant receptor required for toxicity [16].
2,3,7,8-Tetrachlorodibenzodioxin (TCDD) is a haloge-
nated aromatic hydrocarbon and the best-characterized
and most potent AHR2 ligand. It is widely used as a ca-
nonical xenobiotic ligand to study responses down-
stream of AHR activation [17]. Many studies have
focused on the roles of the cytochrome P450 (CYP) me-
tabolizing enzymes in PAH toxicity [18, 19], while other
molecular signaling events downstream of the AHR re-
main largely unknown. Flame-retardant chemicals
(FRCs) are a diverse class of chemicals including poly-
brominated diphenyl ethers (PBDEs) and organophos-
phate flame retardants (OPFRs), commonly applied in
an additive manner to manufactured materials such as
furniture, clothing, and electronics, and often found to
leach into surrounding environments and human bodies
[20, 21]. FRCs have been associated with neurodevelop-
mental effects [22], altered reproductive and thyroid
function [23], and impacts on the immune and endo-
crine systems [24]. While many research groups have
conducted transcriptomic studies in developing zebrafish
exposed to PAHs and TCDD, only a limited number of
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FRC whole-genome expression studies have been pub-
lished [25-28].

The standard use of transcriptomic data, and the ap-
proach used in many of the studies above, is to compare
gene expression levels between a control and a chemical
treatment. However, with a transcriptomic database of
sufficient size [29], it is possible to perform a meta-
analysis of sequencing data and construct a network of
genes based on co-expression values of each gene pair
[30, 31]. Co-expressed genes show a similar pattern of
either direct or inverse co-expression across multiple
conditions or biological replicates. Network analysis can
be used to reveal important chemical targets in a bio-
logical system [32-34], and to indicate processes that
are critical for or distinctive between responses to cer-
tain classes of chemicals [35, 36]. Network approaches
also have a distinct advantage over standard control/
condition comparisons in that data from several different
studies, even those conducted under variable conditions,
can be collected and integrated to produce a model
formed from a compendium of many datasets. Network
analysis can also highlight genes, pathways, and pro-
cesses that may change their expression in a significant
but subtle manner (less than the 2-fold cutoff normally
applied to control/condition comparisons), expanding
our ability to identify processes related to chemical class
or phenotypic response. A whole transcriptome ap-
proach is thus far more efficient and informative to de-
tect subtle but potentially important shifts in gene
expression patterns that describe interactions between
processes impacted by chemical exposure [37]. Such pat-
terns would be missed by smaller scale targeted expres-
sion studies for specific biomarkers. Based on the large
amount of transcriptomic data collected for zebrafish ex-
posed to a variety of different chemicals, we are now
able to apply these network approaches to zebrafish re-
sponse to chemicals.

While phenotypic outcomes of many chemicals have
been studied in zebrafish [6, 38], we still do not know
many of the transcriptomic pathways and processes that
are induced by these chemicals early in response. Add-
itionally, we do not know to what degree different clas-
ses of chemicals may overlap in their transcriptomic
response compared to their potentially similar pheno-
typic responses. To fill this gap in knowledge, the pri-
mary goal of our study was to utilize network analyses
to discover both common and distinctive biological
pathways that polycyclic aromatic hydrocarbons (PAHs),
2,3,7,8-Tetrachlorodibenzodioxin (TCDD), and several
flame retardant chemicals (FRCs), alter in developing
zebrafish. These chemicals were selected in part because
transcriptomic data reflecting a similar experiment de-
sign was available. However, these treatments not only
encompassed chemicals with unknown and likely
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Table 1 Top GO term enrichment of genes in 12 largest modules of the full gene co-expression network

ModulelD # of Nodes | Figure 2 Color Enriched Function(s)
nervous system development
1 184 anatomical structure development
multicellular organism development
central nervous system development
metal ion transmembrane transporter activity
2 425 calcium channel complex
cation transmembrane transporter activity
ion transmembrane transporter activity
ATP synthesis coupled proton transport
3 93 ATP biosynthetic process
The citric acid (TCA) cycle and respiratory electron transport
DNA-binding transcription factor activity
4 297 DNA-binding transcription factor activity, RNA polymerase II-specific
regulation of transcription, DNA-templated
5 108 nervous system development
6 102 sodium channel complex
7 135 regulation of non-motile cilium assembly
9 115 intracellular membrane-bounded organelle
10 61 axon development
12 109 c-Myc:Max; motif: GCCAYGYGSN
response to xenobiotic stimulus
13 93 metabolism of xenobiotics by cytochrome P450
response to chemical
drug metabolism - other enzymes
14 48 Translation

to disruptions to normal development such as nervous
system (Modules 1 and 5) and axon development (Mod-
ule 10), in addition to processes associated with ion
transporter activities (Modules 2 and 6) and gene ex-
pression (Modules 4 and 14).

To visualize how the network groups genes that re-
spond to particular classes of chemicals, we overlaid
gene expression changes from response to either the
FRCs or the AHR2 Activators onto the full co-
expression network. Overlaying gene expression changes
was done by determining how many FRCs or AHR2 Ac-
tivator chemicals each gene responded to (i.e. whether it
was a DEG with p-value <0.05 and log,FC>1, for a
given chemical treatment). Genes in the network were
then sized and colored by how many chemicals they
responded to with larger green nodes responding to
more chemical treatments and smaller brown nodes
responding to fewer chemical treatments. Genes
responding to the FRCs were spread across several mod-
ules (Modules 2, 7, and 10, with some being in Modules
1 and 6, Fig. 3A). Functional enrichment showed that
Module 1 was strongly enriched for development pro-
cesses including multicellular, neuronal, and anatomical

structure development. Module 2 was enriched for
transport mechanisms including metal ion, cation and
calcium transporters among others, similar to Module 6,
which was enriched for sodium channel complexes
(Table 1). In addition, Module 7 was enriched for regula-
tion of non-motile cilium assembly, while Module 10
was enriched for axon development. The large number
of FRC-responsive genes making up these modules
strongly suggests that response to the FRCs in our data-
set centers around these pathways and processes. In
contrast to the FRCs, genes responding to the AHR2 Ac-
tivators were very tightly localized to one location in the
network (Module 13, Fig. 3B). Module 13 was specific-
ally enriched for known chemical response pathways
such as xenobiotic phase I and phase II metabolism, and
oxidative stress, consistent with AHR functions [45, 46].
This module was also very tightly clustered (there were
a number of edges linking genes within Module 13), in-
dicating that the genes in this module are highly co-
expressed relative to each other and are strongly regu-
lated in response to AHR2 Activator exposure. Genes
within Module 13 include known zebrafish AHR2-
regulated genes upon PAH exposure including, cypla,
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A FRCs

B AHR?2 Activators

Fig. 3 Network response to FRCs and AHR2 Activators. A Nodes are colored and sized by the number of FRCs they respond to (defined as an
FDR p-value < 0.05 when comparing chemical to DMSO control, no fold-change cutoff). Larger green nodes respond to a more chemicals, smaller
brown nodes respond to fewer chemicals. General location of modules highly associated with FRCs (Modules 1, 2, 6, 7, and 10) are indicated. B

Same as (A) but showing response to AHR2 Activators. Location of Module 13, highly associated with the AHR2 Activators, is indicated

cyplcl, ahr2, ahrra, ahrrb, and foxgla [39]. Thus, our
chemical subgroup-specific module analysis shows that
gene responses to FRCs are more spread across the net-
work and are associated with several different pathways
and developmental processes, while AHR2 Activators in-
duce a much more focused and tightly controlled re-
sponse consisting specifically of pathways linked to
xenobiotic exposure. The remaining modules did not
contain large numbers of genes that responded to either
the FRCs or the AHR2 Activators and were likely driven
by the remaining chemicals in our dataset. Several were
enriched for general housekeeping processes in 48-hpf
zebrafish [4], including neuronal (Module 5) and eye
(Module 8) development (Table 1).

Centrality analysis

While hierarchical clustering and module analysis can
give broad overviews of pathway responses and modules
associated with specific chemicals, networks also contain
valuable gene-specific co-expression information. Cen-
trality analysis of network genes based on betweenness
or degree can reveal which genes are critical within the
transcriptomic map of a biological system [34]. Genes of
high degree are those with several connections to other
genes and are termed “hubs”. Genes of high betweenness
are those that occupy positions as links between larger
clusters of genes, and are termed “bottlenecks”.

Supplementary Figure S1A shows the top 20 genes from
the network with the highest betweenness centrality
values. The gene with the highest betweenness was apc,
which codes for a regulator of the WNT signaling path-
way [47] (Table 2). Bottleneck genes were also found
throughout the network and in several different modules
suggesting that such genes do not respond in a particu-
larly strong way to any specific chemical or chemical
class, but are associated either with general chemical re-
sponse or with zebrafish housekeeping processes.

Genes of highest degree centrality (top 20) showed dif-
ferent location patterns within the network compared to
genes of highest betweenness (Supplementary Figure
S1B). Table 3 shows that the highest degree genes were
primarily grouped into Module 13 (12 genes) which was
enriched for AHR2 Activators, and Module 2 (7 genes),
which was enriched for the FRCs. There was one add-
itional high degree gene from the list of the top 20 that
was found in Module 4. This degree centrality analysis
shows that the most highly connected genes within our
network are those specifically responding to AHR2 Acti-
vator or FRC exposure, in contrast to high betweenness
genes which are more distributed throughout the net-
work. The genes with the highest degree were cypla and
sult6b, both previously shown to be highly induced by
PAHs [39]. While the cyps, gstpl, and ahrra are all in-
volved in response to xenobiotic stimulus and
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Activators compared to all chemicals). This included
bone, skeletal and cartilage development, as well as
eye development.

Functions showed even greater changes in co-
expression when examining FRC data (Table 5). As
above, FRC data was removed from our dataset and a
new network was inferred and compared to a network
lacking a random amount of data. The functions show-
ing the greatest decrease in co-expression in a network
lacking FRCs included regulation of vascular develop-
ment and neurogenesis. Interestingly, many of the func-
tions that showed higher co-expression were also related
to neuronal development. These included brain, fore-
brain, head, and central nervous system development.
This observation suggests that while vascular

development and neurogenesis generally are pathways
responding strongly to FRC exposure, the specific genes
and sub-roles within these broad pathways may respond
differently to FRC exposure.

Discussion

The main goal of our study was to identify the important
genes and biologically relevant pathways at the same
zebrafish developmental timepoint that were associated
with two groups of chemicals, the AHR2 Activators and
the Flame Retardant Chemicals (FRCs), using a com-
parative network approach. We took advantage of a large
compendium of 48-hpf RNA sequencing data from zeb-
rafish exposed to 33 unique chemical treatments to con-
duct the first meta-analysis of zebrafish chemical
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Table 5 Removal of AHR2 Activators or FRCs from the network, and comparison of co-expression values of each pathway listed
relative to networks lacking random datasets. The higher (yellow arrows) or lower (blue arrows) co-expression of genes within each
of the listed functional enrichments in a network lacking AHR2 Activators (column 1) or FRCs (column 2) compared to a network
lacking the same number of random chemicals as either the AHR2 Activators or FRCs, respectively

AHR2 Activators FRCs Functions Positively Co-Expressed in Both AHR2 Activators and FRCs
1.013 v 1.031 ¥ developmental growth
1.067 Vv 1.078 ¥ positive regulation of nervous system development
1.072 v 1.079 ¥ positive regulation of neurogenesis
1.078 v 1.053 ¢ negative regulation of multicellular organismal process
1.089 v 1.030 ¥ positive regulation of cell differentiation
1.094 v 1.399 ¢ regulation of vasculature development
1.105 v 1.113 ¢ negative regulation of developmental process
1.357 v 1.246 vy negative regulation of vasculature development
AHR2 Activators FRCs Functions Positively Co-Expressed only in AHR2 Activators
1.028 v 0.685 head development
1.040 Vv 0.664 brain development
1.053 v 0.724 central nervous system development
1.066 Vv 0.608 forebrain development
1.073 v 0.733 eye morphogenesis
1.086 Vv 0.952 dorsal ventral pattern formation
1.087 v 0.822 regulation of transcription by RNA polymerase II
1.092 v 0.959 positive regulation of developmental process
1.095 v 0.806 actin filament based process
1.095 v 0.807 actin cytoskeleton organization
1.129 v 0.693 oxoacid metabolic process
1.130 v 0.691 carboxylic acid metabolic process
1.173 v 0.924 regeneration
AHR2 Activators FRCs Functions Positively Co-Expressed only in FRCs
0.939 1.097 ¥ mesenchymal cell differentiation
0.950 1.029 ¥ neuron projection guidance
0.963 1.038 vy axon guidance
AHR2 Activators FRCs Functions Negatively Co-Expressed in Both AHR2 Activators and FRCs
0.866 0.685 endochondral bone morphogenesis
0.899 0.672 cartilage development involved in endochondral bone morphogenesis
0.899 0.672 cartilage development bone morphogenesis
0.908 0.881 retina development in camera type eye
0.942 0.810 skeletal system development
0.955 0.931 response to chemical
0.974 0.847 embryonic organ morphogenesis
0.993 0.896 embryonic morphogenesis
0.997 0.983 camera type eye development

transcriptomic data using gene co-expression networks.
Using functional pathway enrichment paired with the
systematic removal of the individual chemical groups
from the network, we identified pathways associated
with each of the chemical groups. The network revealed
that the AHR2 Activators were associated with specific
xenobiotic metabolism-related pathways while FRC ex-
posure corresponded to broader, more general pathways
related to perturbation of normal development, with an
emphasis on neurogenesis.

While the genes in our full co-expression network
formed into 23 distinct modules, genes responding to
the FRCs or AHR2 Activators were found primarily in
only three modules and a single module, respectively.
Furthermore, while there was some overlap in modules
associated with the two subsets of chemicals, most mod-
ules were associated with a certain chemical class sug-
gesting largely distinct and highly specific molecular
signaling events for these two chemical types. Our hier-
archical clustering analysis reflected a similar pattern,
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where there was a strong separation between the FRCs
and the rest of the chemicals in the study, but there was
no separation between the AHR2 Activators and the
remaining PAHs. Additionally, developmental toxicity
phenotypes identified in previous studies were not a
driver of our clustering. While high throughput screen-
ing for developmental toxicity is the necessary first step
for determining perturbation to development [53], the
toxicology field is now moving towards leveraging these
data for mechanistic studies to reveal chemical modes of
action. Thus, the network analysis here, showing that
chemical types induce very specific transcriptional re-
sponses, provides a platform to characterize gene expres-
sion changes associated with a diverse group of
chemicals and emphasizes one of the limitations of de-
scribing chemical toxicity with only phenotypic
endpoints.

For our network analysis, we collected RNA sequen-
cing datasets that had been previously published, and
combined them with unpublished data gathered in this
study. The resulting larger dataset has the advantage of
examining gene expression changes associated with mul-
tiple chemicals at the same time point (48 hpf), and all
at phenotypically anchored exposure concentrations.
Such a dataset has never been analyzed before in zebra-
fish, allowing new conclusions to be gained here that de-
scribe transcriptomic response to chemicals. In addition
to the strength of the dataset itself, we apply co-
expression network analysis, an approach that is well de-
signed for such a compendium of data. Network analyses
can identify responses that lie outside the detection limit
of more traditional pairwise comparisons of control and
treatment conditions, and can also integrate data from a
number of different studies and research groups [30, 54].
The variations in data collected across studies is an ad-
vantage for the network analysis we apply here as it rep-
resents additional biologically relevant variations in gene
expression that can be used to infer edges between
genes, leading to a more robust and accurate network.
The combined strengths in this study (use of a compre-
hensive but coordinated dataset, and network analysis to
move beyond traditional transcriptomic analysis) means
that we were able to ask and answer questions that
could not be queried in previous studies related to path-
ways responding to specific chemical treatments. This is
reflected, for example, in our identification of high cen-
trality genes that do not respond to specific chemical
treatments but rather emerge only when the complete
data set is analyzed with a network approach. The same
is true for genes in Module 13; the close association of
these genes, and the strong response of this module to
AHR2 Activator exposure suggest that these genes are
important to AHR2 activation. However, not all of the
genes in Module 13 respond to all AHR2 Activators, and
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their association and likely role in chemical response
only emerged when we applied network analysis to our
large compendium of data. It is possible that the identifi-
cation of Module 13 genes that do not respond to spe-
cific AHR2 Activators reflect the subtle differences in
downstream transcription following AHR2 activation,
and future work should investigate the functional roles
of the identified gene expression changes upon exposure
to each of the AHR2 Activator chemicals. Additionally,
our observation that many of the Module 13 genes were
also differentially expressed upon exposure to some of
the FRCs (Supplementary Table S4) points to the fact
that these genes might be involved in the general disrup-
tion to zebrafish development, probably via perturbation
of AHR signaling. This is conceivable since the role of
AHR in normal development has been identified previ-
ously across multiple species [55-57]. Indeed, it is true
that some FRCs have previously been shown to activate
AHR [26], although AHR activation might have been a
result of contaminants present in the chemical standards
[58].

The success of high-level analyses of large datasets
has also been used in other studies. Schuttler, et al.
used an approach based on building a map of tran-
scriptomic response of genes and then clustering
those that had similar profiles to view how genes
were related [59]. Our approach here differs in that
we use a network approach allowing for the applica-
tion of much of the mathematical tools that have
been developed for network analysis (centrality, etc)
in addition to collecting a larger dataset. Li, et al.
used transcriptomic data to better understand chem-
ical response with a focus on cause and effect rela-
tionships, regulatory pathways, and cardiac responses
specifically [60]. Aside from cardiac chemical re-
sponse, network analysis has also been used to better
understand heart regeneration in zebrafish [61]. Add-
itional network analysis focused on Weighted gene
co-expression network analysis (WGCNA) has also
been applied to zebrafish, but again focusing on a
smaller and  more  chemically  homogenous
dataset allowing for a detailed analysis of these che-
micals and responses [62]. Our inclusion here of a
large number of chemicals that show a range of
phenotypic and transcriptomic responses lead a more
comprehensive network that can highlight many dif-
ferent pathways and processes.

The compendium dataset we use here also has the ad-
vantage of examining different chemical classes with
roughly the same level of analysis. However, despite the
similar number of datasets included in the network ana-
lysis for each chemical subgroup, we found that FRC re-
sponses drove the majority of the network structure,
while the AHR2 Activator gene expression changes were
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