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a b s t r a c t
Oligonucleotide microarrays and other ‘omics’ approaches are powerful tools for unsupervised analysis
of chemical impacts on biological systems. However, the lack of well annotated biological pathways for
many aquatic organisms, including ﬁsh, and the limited power of microarray-based analyses to detect low
level differential expression of individual genes can hinder the ability to infer and understand chemical
effects based on transcriptomic data. Here we report on the supervised assembly of a series of tissuespeciﬁc functional gene sets intended to aid transcriptomic analysis of chemical impacts on the female
teleost reproductive axis. Gene sets were deﬁned based on an updated graphical systems model of the
teleost brain–pituitary–gonadal-hepatic axis. Features depicted in the model were organized into gene
sets and mapped to speciﬁc probes on three zebraﬁsh (Danio rerio) and two fathead minnow (Pimephales
promelas) microarray platforms. Coverage of target genes on the microarrays ranged from 48% for the
fathead minnow arrays to 88% for the most current zebraﬁsh platform. Additionally, extended fathead
minnow gene sets, incorporating ﬁrst degree neighbors identiﬁed from a Spearman correlation network derived from a large compendium of fathead minnow microarray data, were constructed. Overall,
only 14% of the 78 genes queried were connected in the network. Among those, over half had less than
ﬁve neighbors, while two genes, cyclin b1 and zona pellucida glycoprotein 3, had over 100 ﬁrst degree
neighbors, and were neighbors to one another. Gene set enrichment analyses were conducted using
microarray data from a zebraﬁsh hypoxia experiment and fathead minnow time-course experiments
conducted with three different endocrine-active chemicals. Results of these analyses demonstrate the
utility of the approach for supporting biological inference from ecotoxicogenomic data and comparisons
across multiple toxicogenomic experiments. The graphical model, gene mapping, and gene sets described
are now available to the scientiﬁc community as tools to support ecotoxicogenomic research.
Published by Elsevier B.V.
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1. Introduction
Oligonucleotide microarrays and other ‘omics’ approaches are
potentially powerful tools for unsupervised, discovery-driven,
analysis of chemical impacts on biological systems. However,
inferring and understanding chemical effects from transcriptomic,
proteomic, and metabolomic data remains challenging. Due to the
relatively small sample sizes typically used in (eco)toxicogenomic
experiments and technical limitations of the microarray platform
itself, statistical power to detect low level differential expression
of individual genes is often poor. Additionally, well annotated biological pathways are lacking for many species (e.g., ﬁsh, frogs,
invertebrates). Canonical pathways for a variety of functions critical to speciﬁc groups of organisms (e.g., vitellogenesis in oviparous
animals, osmoregulation in aquatic organisms) or relevant to
speciﬁc toxicological outcomes (e.g., impaired reproduction or
development) are absent or poorly deﬁned. Consequently, although
they generate large amounts of data, many (eco)toxicogenomic
experiments provide frustratingly little information and/-or biological/toxicological insight.
The present work was intended to enhance the utility of transcriptomic, and other ‘omics’ data for mechanistic ecotoxicology
research with small ﬁsh. We had previously developed a graphical systems model of the teleost brain–pituitary–gonadal-hepatic
axis to facilitate a systematic program of hypothesis-driven ecotoxicogenomics research concerning effects of endocrine-active
chemicals (EACs) on ﬁsh reproduction [1,2]. The model was qualitatively and conceptually useful for hypothesis formulation and data
interpretation. However, attempts to employ the model quantitatively in support of microarray data analyses were less successful.
A compiled gene list based on the model was developed [3], but
it contained features associated with critical reproductive functions in multiple different tissues while microarray analyses were
conducted in a tissue-speciﬁc manner. Furthermore, the compiled
gene list included a signiﬁcant number of general cellular signal transduction-related features that are relatively uninformative.
This is due to both the number of different pathways and functions they are involved with (i.e., lack of speciﬁcity), and the fact
that, in many cases, they are functionally regulated primarily at
the post-translational level as opposed to the transcriptional level.
Therefore, we felt that quantitative analyses anchored to a priori
knowledge represented in the graphical systems model could be
improved by developing tissue-speciﬁc functional gene sets based
on the graphical model.
To achieve that objective, we ﬁrst updated our previous graphical model. Updates to the model were intended to add features and
functional pathways related to either new information published
since development of the original model or recent experimental
results. For example, in recent years there has been increasing recognition of potential roles of kisspeptins and putative
gonadotropin inhibitory hormones (GnIHs) in the neuroendocrine
regulation of ﬁsh reproduction [4,5]. Thus, related features were
incorporated into the revised model. Similarly, features related
to cholesterol biosynthesis, prostaglandin signaling, and matrix
metalloproteinases (relative to ovulation) were added based on
recent microarray studies in which expression of related genes
was modulated by EACs or other stressors [6–9]. Once the model
was updated, features were mapped to corresponding probes on
a number of commercial and custom microarray platforms for
zebraﬁsh (Danio rerio) and fathead minnow (Pimephales promelas). Using the model as a guide, features were organized into
tissue-speciﬁc lists and then further subdivided based on functional categories. It is recognized that expression of many of these
features is not truly tissue-speciﬁc. However, functional understanding of the role the feature plays is often restricted to speciﬁc
tissues, as is reﬂected in the organization of the graphical model.

Therefore lists were organized functionally and features were
included in the gene lists for more than one tissue where the functional role in each tissue was understood. The gene lists developed
were then used to conduct gene set enrichment analyses (GSEA).
Gene set enrichment analysis is a computational method used to
evaluate whether a set of genes, deﬁned a priori, shows statistically
signiﬁcant concordant relationships between two biological states
(e.g., phenotypes) [http://www.broadinstitute.org/gsea/index.jsp].
However, unlike other approaches that consider only those genes
that exceed an arbitrary p-value cutoff, GSEA considers all the genes
in the expression data set. As a result, it can facilitate detection
of small changes in many genes within a set, or a large change in
just a few genes [10,11]. To further broaden the scope of our analyses, we also extended the graphical model-based gene sets for
ovary tissue by including nearest neighbors identiﬁed in a Spearman correlation-based transcriptional network. Finally, application
of these tools was demonstrated using microarray data from several
previously published studies.
2. Materials and methods
2.1. Graphical model updates
The graphical model of the teleost brain–pituitary–gonadal-hepatic axis, initially developed using CellDesigner 3.1 [1], was converted to CellDesigner 4.1
[www.celldesigner.org] (CellDesigner ﬁle provided as Supplementary Data). This
new version of the software reads and writes Systems Biology Markup Language
(SBML) level 2, version 4 format [http://sbml.org], supports MIRIAM (Minimum
Information Required in the Annotation of Models) annotation [12] and conforms
with Systems Biology Graphical Notation, process diagram level notation [13,14].
Where feasible, proteins and genes were named, or abbreviated, in a manner consistent with the nomenclature used by the Zebraﬁsh Information Network (ZFIN;
http://zﬁn.org/) [15]. Four distinct tissue compartments (i.e., brain, pituitary, generalized ovary, and liver), plus a blood compartment were included in the revised
model (Fig. S1). Within the liver compartment, the primary additions were inclusion
of the de novo cholesterol biosynthesis pathway and growth hormone-regulated
expression of insulin-dependent growth factors (Fig. S2). As in the previous version,
the generalized ovary compartment includes three important cell types, i.e., theca
cells, granulosa cells, and oocytes. However, the revised model incorporates much
greater detail concerning oocyte maturation and ovulation, associated prostaglandin
signaling, and cholesterol homeostasis (Fig. S3). In the updated model, the pituitary
compartment was collapsed from discrete luteininzing hormone (LH) and folliclestimulating hormone (FSH) gonadotroph sub-compartments to a single generalized
gonadotroph compartment in order to eliminate redundant depiction of signaling
pathways involved in the regulation of LH and FSH ␤ subunit expression (Fig. S4).
Additionally, somatotroph and a generic, “other pituitary cells”, sub-compartments
were added to capture interactions between growth hormone and reproductive
signaling, as well as other putative regulators. Finally, the brain compartment
was reorganized into ﬁve neuronal cell-type sub-compartments which included
kisspeptin and GnIH neurons, in addition to the gamma aminobutyric acid (GABAergic), dopaminergic, and generic gonadotropin releasing hormone (GnRH) neurons
included in the original model (Fig. S5). Melatonin synthesis and signaling from the
pineal gland was also added due to its putative role in GnIH regulation [5].
As with the previous version, the revised graphical model is chimeric. That is,
where possible, it depicts relationships explicitly described for ﬁsh, or more precisely female ﬁsh. However, some aspects were inferred from mammalian and avian
literature. Even in the case of ﬁsh-speciﬁc aspects, the model represents a synthesis
of data from multiple species employing varying reproductive strategies and examined at different life stages. Consequently, the graphical model and the relationships
it depicts should be regarded as a generalized, hypothesis-based, synthesis of diverse
information from the published literature. Many of the relationships depicted need
to be veriﬁed against species-speciﬁc literature and/or targeted experiments. Additionally, although certain aspects of the model may be common between males
and females, the current model was oriented toward functional interpretation of
data from females. While gene sets derived from the model can be applied to male
data, functional interpretation of their signiﬁcance may be quite different than for
females. References related to the update of the graphical model are provided as
Supplementary materials, Appendix A.
2.2. Gene lists
Tissue-speciﬁc gene lists were developed based on the graphical model. Because
most of the graphical model nomenclature had been standardized to ZFIN, the ZFIN
genes/markers/clones search tool (http://zﬁn.org/cgi-bin/webdriver?MIval=aanewmrkrselect.apg) was used to match zebraﬁsh annotation information to
features in the model. Mapping of model features to speciﬁc targets in ZFIN was
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conducted October–November, 2010. Speciﬁcally, zebraﬁsh RNA accession numbers
(generally Refseq), ofﬁcial gene symbols, gene names, and, when necessary, other
synonyms were identiﬁed. These were used as query terms and searched against
a database (Microsoft Ofﬁce Access 2007) of microarray probe annotations. Initial
searches were performed against the annotation ﬁle for Agilent’s zebraﬁsh microarray (V3, design ID 026437, December 2009; Agilent, Palo Alto, CA, USA). Additional
searches were performed against two earlier versions of Agilent’s zebraﬁsh microarray (V2, design ID 109161, January 2008; V1, design ID 015064, 2006). As part of
a previous comparative toxicogenomics effort, probes for homologous targets on
two separate fathead minnow microarrays, a 4 × 44 K fathead minnow microarray
developed by EcoArray (Gainesville, FL, USA; www.ecoarray.com; GEO Accession GPL7282) and a custom 8 × 15 K fathead minnow microarray (GEO Accession
GPL9248) and Agilent’s zebraﬁsh microarray (V1, design ID 015064) were crossreferenced using a sequence-based reciprocal best hit approach [16,17]. Therefore,
some fathead minnow microarray probes corresponding to graphical model features were identiﬁed using Agilent zebraﬁsh V1 probe ids as a query against the
fathead minnow-zebraﬁsh cross-reference database. Additionally, because the fathead minnow microarray annotations rely heavily on the well-curated database
of whole genome annotations for zebraﬁsh, it was possible to match some additional fathead minnow microarray probes to graphical model features by using
the zebraﬁsh annotations (gene symbols, gene names, Refseq accessions) as query
terms.
Certain features depicted in the model were purposely excluded from the gene
lists. These were generally features associated with signal transduction processes
known to be involved in a diversity of cellular signaling pathways (e.g., protein
kinase A, stimulatory G proteins, adenylate cyclase). One rationale for this is that,
functionally, many of these targets are thought to be primarily regulated at the posttranslational level (e.g., via changes in phosphorylation state). Furthermore, based
on previous experience with a compiled brain–pituitary–gonadal-hepatic axis gene
list, differential expression of such features contributed little to our understanding
of chemical impacts. Including them in the gene lists could actually obscure the
signiﬁcance of more informative targets. While this determination was somewhat
arbitrary, we felt it would improve the utility of the lists.
There are some additional limitations and associated uncertainties that should
also be considered when applying the lists. Due to genome duplication, teleost ﬁsh
have two paralogous copies of many genes [18,19]. However, with the exception
of a few well-studied teleost genes (e.g., cyp19a1a, cyp19a1b) neither the graphical model nor much of the literature it was derived from clearly differentiates
among paralogous forms of the same gene, even though their regulation and/or
functions may have diverged over evolutionary history. Similarly, for a number of
generic features depicted in the model, there are multiple isoforms. For example,
ovulation involves proteolysis of the extracellular matrix by matrix metalloproteinases [20]. Given the important role they play, matrix metalloproteinases are
represented generically in the graphical model. However, there are over 25 distinct matrix metalloproteinase/metallopeptidase genes recognized in ZFIN. There
is currently no information available in the literature regarding which of these are
speciﬁcally involved in teleost ovulation. In the absence of information indicating
which speciﬁc isoforms or paralogs were involved in the processes depicted in the
model, we chose to include all isoforms and paralogs for which matching microarray
probes could be identiﬁed in the current gene lists. We recognize that inclusion of
multiple isoforms/paralogs could potentially bias GSEA; however the same could be
said for exclusion, so we chose to err on the side of inclusiveness rather than exclusion. There were also a few of the features in the chimeric graphical model, that were
included based on inference from mammalian literature, for which no appropriate
zebraﬁsh synonyms could be identiﬁed due to inconsistencies and uncertainties in
the gene/protein nomenclature, or possibly lack of evolutionary conservation (e.g.,
constitutive androstane receptor, estrogen sulfotransferase). However, in the vast
majority of cases putative orthologs could be identiﬁed and mapped to one or more
zebraﬁsh or fathead minnow microarray probes.
2.3. Extended gene lists
As part of a broad program of ecotoxicogenomic research related to effects
of EACs on the brain–pituitary–gonadal-hepatic axis in ﬁsh [2] we have accumulated a large compendium of microarray data (i.e., >1200 microarrays from over
20 independent experiments using the 8 × 15 K custom fathead minnow microarray; GEO Accession GPL9248) for fathead minnow ovary tissue that can be used for
correlation- and mutual information-based transcriptional network inference [21].
For the present work, we used a correlation-based network to identify genes whose
expression was closely correlated with that of one or more features depicted in
the graphical model, over a range of different biological perturbations. Microarray
data from seven different time-course experiments in which fathead minnows were
exposed to an EAC for eight days, followed by eight days of depuration, and samples collected on days 1, 2, 4, and 8 of both the exposure and depuration period
(Table S1; following the same general design as [22–24]) were Fastlo [25] normalized within experiment. Spearman correlation was performed across all arrays
(n = 900) and experiments (n = 7). An adjacency matrix of all the features on the
fathead minnow microarray (GPL9248) was constructed, such that probe pairs for
which the absolute value of the Spearman correlation coefﬁcient () was greater
than 0.80 were assigned a value of 1; while all others were assigned a value of 0. The
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adjacency matrix was read into igraph (an R library; http://igraph.sourceforge.net)
generating a transcriptional network where an edge was created between any two
probes (genes or nodes in the network) for which the absolute value of their Spearman correlation coefﬁcient was greater than 0.80. First degree neighbors to the
probes included in the graphical model-based ovary gene lists were then identiﬁed, where ﬁrst degree neighbors are deﬁned as nodes in the network that are
directly connected to one another by a single edge (Fig. S6). A set of so-called
“extended gene lists” were developed by taking the gene lists identiﬁed above
(see Section 2.2) and adding the ﬁrst degree neighbors to any of the genes in
the original list. Redundancies were eliminated such that probes identiﬁed as
ﬁrst degree neighbors to more than one gene in the original list, or genes that
were identiﬁed as ﬁrst degree neighbors to one another, were represented only
once.
Functional annotation clustering was performed on a subset of the genes identiﬁed through the network analysis using the Database for Annotation, Visualization
and Integrated Discovery (DAVID [26]; http://david.abcc.ncifcrf.gov/home.jsp).
Probe ids for the custom fathead minnow microarray have been annotated with the
best hit zebraﬁsh protein Refseq accession number (see GEO Accession GPL9248).
Refseq accession numbers associated with the probes of interest were loaded
directly into DAVID [26] as a gene list. Functional annotation clustering was then
performed using default settings in DAVID with Danio rerio (zebraﬁsh) as the background population for the analysis.
2.4. Gene set enrichment analyses
Gene set enrichment analyses were carried out using GSEA v2.0
(www.broad.mit.edu/gsea). Analyses were conducted using microarray data
from previously published studies. The ﬁrst of these was a hypoxia experiment
in which zebraﬁsh were exposed to three different concentrations of dissolved
oxygen (1.0, 3.0, or 7.0 mg O2 /L) for either four or 14 d and transcriptional changes
in the gonad of males and females were examined using a 21,000 gene microarray
([8], GEO Accession GSE10951). These were two-color microarray data in which all
experimental samples were labeled with Cy5 and co-hybridized with a common
reference pool of RNA labeled with Cy3. Microarray data from this study were
reported previously [8], but no GSEA were conducted. To facilitate GSEA, the
fold-change (experimental/reference) microarray data were median normalized,
per gene, across all 60 samples (arrays) from the experiment using GeneSpring
GX (Agilent). The resulting data matrix (.gct ﬁle), a .cls ﬁle that deﬁned the
experimental treatments, and a .gmt ﬁle deﬁning 14 gene sets considered in the
analysis were imported into the GSEA v2.0 software for GSEA.
Microarray data from experiments with three EACs, fadrozole (an aromatase inhibitor), prochloraz (an inhibitor of aromatase and other steroidogenesis
enzymes), and 17␤-trenbolone (a potent synthetic androgen), were also considered. Each experiment used a consistent experimental design in which fathead
minnows were exposed to one of two concentrations of test chemical or control water for 1, 2, 4, or 8 days and then sampled or exposed continuously
for 8 days followed by depuration in control water for an additional 1, 2,
4, or 8 days [22–24]. Microarray analyses were conducted on RNA extracted
from ovary tissue using a custom 8 × 15 K fathead minnow microarray (GEO
Accession GPL9248). Microarray data from these studies were deposited in the
publically accessible CEBS (Chemical Effects in Biological Systems) database, managed by the United States National Institute of Environmental Health Sciences
(NIEHS; http://www.niehs.nih.gov/research/resources/databases/cebs/index.cfm);
accession numbers 010-00004-0002-000-7 (fadrozole), 010-00004-0003-000-8
(17␤-trenbolone), 010-00004-0004-000-9 (prochloraz). Analyses of microarray
data from these studies are on-going and only GSEA results for 23 gene sets derived
as part of the present work are presented here. In all cases, the single color microarray data from each experiment was normalized, within experiment, using Fastlo [25]
implemented in R (http://www.r-project.org). Following normalization, a series of
data matrix (.gct ﬁle) and .cls ﬁles deﬁning the phenotypes (experimental classes)
were constructed using custom R code (developed by S. Edwards). These ﬁles, along
with a .gmt ﬁle that included 23 gene sets were imported into the GSEA v2.0 software
for GSEA.
All GSEA were conducted using 1000 permutations with the permutation
type set to phenotype for the EAC studies (most sample sizes ≥ 7) and gene set
permutation for the hypoxia experiment (generally n = 5 per phenotype). Binary
combinations of phenotypes were considered in each analysis, where the ﬁrst
phenotype was a time point-matched control in the case of the fathead minnow experiments or time point- and sex-matched control in the case of the
zebraﬁsh experiment, and the second phenotype was a treatment deﬁned by
concentration × duration (× sex; zebraﬁsh experiment). Enrichment in either phenotype one relative to phenotype two (positive enrichment score), or vice versa
(negative enrichment score), was considered statistically signiﬁcant at a nominal
(uncorrected for false discovery rate) p < 0.05. Gene set size limits were set to a
maximum of 500 features and a minimum of nine features, resulting in exclusion of two of the 23 gene sets included in the .gmt ﬁle used for the fathead
minnow experiments. The total number of microarray features considered was
21,555 for the zebraﬁsh experiment and 12,448 for the fathead minnow experiments, and probes were not collapsed to gene symbols due to incomplete annotation
information.
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3. Results
3.1. Liver gene list(s)
Sixty-eight genes were identiﬁed as being relevant to the liver
compartment of the graphical systems model (Table 1). Those genes
were organized into three functional categories (Table S2): steroid
metabolism (27 genes), vitellogenesis (22 genes), and cholesterol
biosynthesis (19 genes). Coverage of those 68 genes on the ﬁve
small ﬁsh microarrays evaluated in the present study ranged from
approximately 47% for EcoArray’s fathead minnow microarray (GPL
2782) to 85% for the most recent Agilent zebraﬁsh microarray
design (026437) (Table 1).
3.2. Brain and pituitary gene lists
Graphical model features related to the brain and pituitary compartments of the model were associated, respectively, with 30 and
48 target genes identiﬁed in ZFIN (Table 1). Overall coverage of
those targets on the small ﬁsh microarrays ranged from 40% to 93%
for brain, and 46% to 88% for pituitary. As in the case of liver, Agilent’s most recent zebraﬁsh microarray design (026437) provided
the greatest amount of coverage as well as the greatest number of probes per target. The custom fathead minnow microarray
(GPL9248) had the poorest coverage of brain and pituitary targets. Brain targets were subdivided into eight functional groups
(Table S3): dopaminergic neurons (six genes), gaba neurons (three
genes), glia (one gene), gnih neurons (one gene), gnrh neurons
(three genes), hypothalamic signaling (ﬁve genes), kiss neurons
(four genes), and melatonin-related (seven genes). Pituitary targets were organized into four functional groups (Table S4): growth
hormone-related (10 genes), gonadotropin (gth) subunits (three
genes), regulators of gth expression or release (31 genes), and secondary regulators of gth/growth hormone (four genes). However,
due to the small size of most of the functional subsets deﬁned for
these tissues, GSEA in the present study included only the entire
tissue-speciﬁc lists.
3.3. Ovary gene lists
The greatest number of gene targets relevant to the graphical systems model was identiﬁed for the ovary compartment.
Probes corresponding to around 85% of the 143 relevant target
genes could be found on Agilent’s zebraﬁsh microarray design
026437 (Table 1), with the older designs covering 75% (019161)
and 56% (015054) of the targets, respectively. Coverage on the
two fathead minnow microarrays ranged from 48% (Ecoarray;
GPL7282) to 54% (GPL9248). The functional categories for the ovary

gene targets (Table S5) included: steroid biosynthesis (19 genes),
prostaglandin-related (12 genes), ovulation (31 genes, all matrix
metalloproteinases/peptidases or progestin receptors), regulators
of oocyte maturation (35 genes), oocyte growth-related (18 genes),
and genes involved in cholesterol uptake (nine genes). Although
liver is generally regarded as the primary site of de novo cholesterol
synthesis, the 19 genes associated with cholesterol biosynthesis
(Tables S2 and S5) were also included in the overall ovary gene list.
This inclusion was based on previous observations of altered ovarian expression of a number of cholesterol synthesis-related genes
following exposure to EACs (e.g., [9]).
3.4. Extended gene lists
Because we had a large compendium of fathead minnow
microarray (GPL9248) data available for ovary tissue that could
be used for transcriptional network analysis (Table S1), we were
able to create extended functional gene lists for ovary by including
ﬁrst degree neighbors to the model-derived targets, as identiﬁed
from a Spearman correlation network. Among the 78 unique fathead minnow microarray (GPL9248) probes associated with the
overall graphical model-derived gene list for ovary, 11 genes were
identiﬁed as having at least one ﬁrst degree neighbor in the Spearman correlation network (Table 2). Nearly half of those had just
one or two ﬁrst degree neighbors. However, two genes, cyclin b1
(ccnb1) and zona pellucida glycoprotein 3 (zp3) had greater than
100 ﬁrst degree neighbors. Those two genes were ﬁrst degree
neighbors to one another, and shared 87 ﬁrst degree neighbors in
common in addition to one another (Fig. S7). None of the other
genes were neighbors to one another, although apolipoprotein
eb (apoeb) and activin A receptor type I like (acvrl1) shared one
common ﬁrst degree neighbor, a probe annotated as transgelin 2
(UF Ppr AF 108353; Fig. S7). Excluding duplicates, 151 ﬁrst degree
neighbors to the genes in the ovary list were identiﬁed.
Functional annotation clustering was performed on the set
of genes identiﬁed as ﬁrst degree neighbors of either ccnb1 or
zp3 using DAVID [26]. Based on a Benjamini–Hochberg corrected
p-value < 0.05 as the threshold for statistical signiﬁcance, three signiﬁcant annotation clusters were identiﬁed (Table S6). The ﬁrst was
a cluster of 10 annotation terms associated with ribosomes, ribosomal proteins, and translation. The second was a cluster of three
terms related to zona pellucida, while the third group related to
rRNA binding.
3.5. Gene set enrichment analyses
Gene set enrichment analysis was conducted on a set of
zebraﬁsh microarray data from a previously published hypoxia

Table 1
Overview of success rates mapping graphical model features to speciﬁc probes on ﬁve different small ﬁsh microarray platforms (i.e., Agilent zebraﬁsh microarray designs
026437, 019161, and 015064; EcoArray’s 4 × 22 K fathead minnow microarray, GEO Accession GPL7282; and a custom 8 × 15 K fathead minnow microarray designed by
Nancy Denslow, University of Florida, GEO Accession GPL9248).
Tissue

Liver
Brain
Pituitary
Ovary
% coveraged
Ave probes per targete
a

Relevanta genes

68
30
48
143

Total number of probesb /target coveragec
zf 026437

zf 019161

zf 015064

fhm (GPL7282)

fhm (GPL9248)

167/58
82/28
76/42
246/121
88 ± 4
2.4 ± 0.6

94/51
45/26
60/36
182/107
78 ± 6
1.7 ± 0.1

57/39
28/20
34/27
131/92
61 ± 5
1.4 ± 0.1

41/32
18/13
25/23
77/69
48 ± 4
1.2 ± 0.2

38/36
19/12
26/22
78/77
48 ± 6
1.2 ± 0.3

Relevant genes refers to model features for which a corresponding gene target could be identiﬁed using ZFIN (http://zﬁn.org/).
The total number of microarray probes that matched to the relevant target genes based on available annotation information (i.e., genes may be represented by multiple
probes on each microarray).
c
Target coverage refers to the number of unique relevant target genes for which at least one corresponding microarray probe could be identiﬁed.
d
Mean (±SD) percentage of relevant targets that could be mapped to at least one corresponding microarray probe across the four tissue-speciﬁc lists examined.
e
Average (±SD) probe redundancy per target.
b
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Table 2
Results of Spearman correlation network-based neighborhood analysis based on an initial list of 78 fathead minnow microarray (GEO Accession GPL9248) probes corresponding to features depicted in the ovary compartment of the graphical systems model (Fig. S1). Only genes with at least one ﬁrst degree neighbor (see Fig. S6) in the
network are listed.
Gene name

Gene symbol

Functional group

1st degree neighbors

Cyclin b1
Zona pellucida glycoprotein 3
Activin A receptor type I like
Lanosterol synthase
Apolipoprotein eb
Inhibin, beta Aa
bmp and activin membrane bound inhibitor homolog a
Very low density lipoprotein receptor
Matrix metalloproteinase 2
Insulin-dependent Growth factor binding protein 5
Hydroxysteroid (17-beta) dehydrogenase 1

ccnb1
zp3
acvrl1
lss
apoeb
inhbaa
bambia
vldlr
mmp2
igfbp5b
hsd17b1

Oocyte maturation
Oocyte growth
Oocyte maturation
Cholesterol biosynthesis
Cholesterol uptake
Oocyte maturation
Oocyte maturation
Oocyte growth
Ovulation
Oocyte maturation
Steroid biosynthesis

106
101
11
7
6
3
2
2
1
1
1

experiment [8]. These data provided an opportunity to compare
novel GSEA results from the present study with those of previous analyses which were focused only on statistically differentially
expressed genes [8]. Of the 14 graphical-model-based gene sets
considered in the analysis, 12 were detected as either statistically
over-expressed or under-expressed relative to the control (7.0 mg
O2 /L) in one or more of the hypoxia treatment conditions (Table 3).
Functional sets of prostaglandin-related and steroid metabolismrelated genes were not signiﬁcantly impacted in any of the hypoxia
treatments. The speciﬁc gene sets affected by hypoxia treatment
varied with exposure duration (4 d versus 14 d), severity of the
hypoxia (1.0 versus 3.0 mg O2 /L), and sex. However, notably, the
set of genes related to cholesterol uptake in the gonad was signiﬁcantly under-expressed, relative to time-matched controls, in
females under all four hypoxic conditions (duration × dissolved
oxygen concentration) tested (Table 3). In females, the majority
of signiﬁcantly impacted gene sets were under-expressed relative

to controls, with exceptions being over-expression of cholesterol
synthesis-related genes in the ovary of females held at 3 mg O2 /L for
14 d, and genes related to oocyte growth (dominated by various isoforms of zona pellucida glycoproteins; Table S5). In males (testes),
the gene set most consistently impacted by hypoxia was the set
of 26 vitellogenesis-related genes identiﬁed for liver (Table 3).
That gene set includes androgen receptor and estrogen receptor ␣,
but is dominated by vitellogenin and zona pellucida glycoproteins
(Table S2). It was also notable that that for both the 4 d hypoxia
treatments in males both gene sets with a strong composition of
genes coding for zona pellucida glycoproteins (i.e., “vitellogenesis liver” and “oocyte growth gonad” gene sets) were identiﬁed as
signiﬁcantly over-expressed compared to control males (held at
7 mg O2 /L). The set of 12 genes related to cholesterol synthesis
were signiﬁcantly under-expressed in males exposed to hypoxia
treatment for 14 d, both at 3 and 7 mg O2 /L. This contrasted with
over-expression of cholesterol synthesis-related genes in the ovary

Gene Set ID

all_gonad

all_liver

all_pituitary

oocyte_maturation_gonad

all_brain

vitellogenesis_liver

steroid_biosynthesis_gonad

ooctye_growth_gonad

cholesterol_uptake_gonad

steroid_metabolism_liver

prostaglandin_related_gonad

ovulation_gonad

cholesterol_synthesis

all_hpgha

Number of Probes
Treatment Class

131

56

34

28

28

26

24

20

20

18

14

13

12

212

Table 3
Overview of gene set enrichment analysis (GSEA) results for microarray data from an experiment in which zebraﬁsh were exposed to three different concentrations of
dissolved oxygen (7.0, 3.0, 1.0 mg/L; abbreviated do7, do3, do1, respectively) for either 4 or 14 d [8]. Gonad was the target tissue analyzed using Agilent’s zebraﬁsh microarray
(design 015064). Green shading indicates signiﬁcant enrichment (nominal p < 0.05) in the control group compared to the treated, red shading indicates signiﬁcant enrichment
in the treated group relative to control, lack of shading indicates no signiﬁcant enrichment. n = 5 unless otherwise noted (see also Table S8).

F, 14d, do1
F, 14d, do3
F, 4d, do1 b
F, 4d, do3 c
M, 14d, do1
M, 14d, do3
M, 4d, do1
M, 4d, do3 c
a
b
c

The all hpgh gene set includes all redundant probes from the all gonad, all liver, all brain, and all pituitary gene sets.
n = 6.
n = 4.
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of females exposed to moderate hypoxia (3 mg O2 /L) for 14 d.
The “all hpgh” gene set that included all non-redundant probes
from the tissue-speciﬁc gene lists was only detected as statistically altered in females held at 1 mg O2 /L for 14 d. Nonetheless,
collectively, the results provide strong evidence suggesting that
expression of genes coding for proteins known to play roles in the
regulation of ﬁsh reproduction were impacted by hypoxia treatment.
Gene set enrichment analysis was also conducted on microarray data from three different fathead minnow experiments [22–24].
Our purpose here was to illustrate and explore the utility of GSEA
for comparing across microarray experiments. The analysis considered 23 gene sets (although two were ultimately excluded due
to insufﬁcient size) deﬁned based on the graphical systems model
and/or ﬁrst degree neighbors as identiﬁed from a Spearman correlation network constructed from data from these studies [22–24],
as well as four others not considered here (Table S1). Impacts
of three EACs including the aromatase inhibitor fadrozole, the
steroidogenesis inhibitor prochloraz, and the synthetic androgen
17␤ trenbolone, over an eight day exposure period, followed by

up to eight days of depuration in control water was examined. As
in the zebraﬁsh hypoxia experiment, all three chemical stressors
signiﬁcantly impacted the gene sets in a manner that varied as a
function of stressor severity (concentration) and duration of exposure and/or depuration (Tables 4–6). Among the three chemicals,
fadrozole impacted the greatest diversity of gene sets, with only
two, one composed primarily of genes coding for zona pellucida
glycoproteins (oocyte growth) and the other composed of the gene
coding for activin A receptor, type I-like (acvrl1) with its eleven
ﬁrst degree neighbors (Fig. S7), being unaffected under all treatment conditions considered (Table 4). In the case of prochloraz,
ﬁve gene sets were unaffected (Table 5). These included the set of
genes associated with the liver compartment of the graphical systems model (Table S2), the cholesterol synthesis-related gene set,
the prostaglandin-related gene set and the overall “all hpgh” gene
set. The set of nine genes associated with cholesterol uptake was
not affected, but an extended list that included the nine cholesterol uptake-related genes along with six ﬁrst degree neighbors to
apoeb (see Fig. S7) was signiﬁcantly impacted, albeit only in ﬁsh
that had been exposed to 30 g prochloraz/L for eight days and

ccnb1, zp3, and neighborsa

EX-oocyte_growth

ccnb1 and neighbors

all_gonad

all_gonad_sans_chol_synth

all_liver

all_pituitary

oocyte_maturation

all_brain

liver_steroid_metabolism

EX-cholesterol_uptake

cholesterol_synthesis

acvrl1 and neighbors

EX-steroid biosynthesis

steroid_biosynthesis

oocyte_growth

prostaglandin-related

cholesterol_uptake

liver_vitellogenesisb

matrix_metalloproteinaseb

118

113

106

78

67

38

26

21

19

17

15

13

12

12

11

10

10

9

8

6

FAD, 30, d2
FAD, 30, d4 d
FAD, 30, d8 d
FAD, 30, d9
FAD, 30, d10 d
FAD, 30, d12
FAD, 30, d16 d
FAD, 3, d1
FAD, 3, d2
FAD, 3, d4
FAD, 3, d8
FAD, 3, d9
FAD, 3, d10
FAD, 3, d12 d
FAD, 3, d16
a

Non-redundant neighbors only; each probe represented only once.
These gene sets, shaded gray, were excluded from the analysis because they did not meet the minimum size threshold (≥9 probes).
c
The all hpgh gene set includes all redundant probes from the all gonad, all liver, all brain, and all pituitary gene sets.
d
n = 7.
b

all_hpghc

EX- oocyte_maturation
143

FAD, 30, d1 d

138

EX-all_gonad

Number of Probes
Treatment Class

227

Gene Set ID

Table 4
Overview of gene set enrichment analysis (GSEA) results for microarray data from a 16 day time course experiment in which fathead minnows were exposed to 30 or 3.0 g
fadrozole (FAD)/L [22]. Ovary was the target tissue analyzed using a custom 8 × 15 K fathead minnow microarray (GEO Accession GPL9248). Fish were exposed for 1, 2, 4, or
8 days then sampled (d1, d2, d4, d8), or exposed continuously for 8 days then to control water only for 1, 2, 4, or 8 additional days (d9, d10, d12, d16). Gene set ids with black
background indicate extended gene sets that include ﬁrst degree neighbors from a Spearman correlation network. Green shading indicates signiﬁcant enrichment (nominal
p < 0.05) in the control group compared to the treated, red shading indicates signiﬁcant enrichment in the treated group relative to control, lack of shading indicates no
signiﬁcant enrichment. n = 8 unless otherwise noted (see also Table S9).
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steroid_biosynthesis

oocyte_growth

prostaglandin-related

cholesterol_uptake

liver_vitellogenesisb

matrix_metalloproteinaseb

11

10

10

9

8

6

all_hpghc

EX-steroid biosynthesis
12

138

acvrl1 and neighbors

oocyte_maturation
21

12

all_pituitary
26

cholesterol_synthesis

all_liver
38

13

all_gonad_sans_chol_synth
67

EX-cholesterol_uptake

all_gonad
78

15

ccnb1 and neighbors
106

liver_steroid_metabolism

EX-oocyte_growth
113

17

ccnb1, zp3, and neighborsa
118

all_brain

EX- oocyte_maturation
143

19

EX-all_gonad

Number of Probes
Treatment Class

227

Gene Set ID

Table 5
Overview of gene set enrichment analysis (GSEA) results for microarray data from a 16 day time course experiment in which fathead minnows were exposed to 300 or 30 g
prochloraz (PRO)/L [23]. Ovary was the target tissue analyzed using a custom 8 × 15 K fathead minnow microarray (GEO Accession GPL9248). Fish were exposed for 1, 2, 4, or
8 days then sampled (d1, d2, d4, d8), or exposed continuously for 8 days then to control water only for 1, 2, 4, or 8 additional days (d9, d10, d12, d16). Gene set ids with black
background indicate extended gene sets that include ﬁrst degree neighbors from a Spearman correlation network. Green shading indicates signiﬁcant enrichment (nominal
p < 0.05) in the control group compared to the treated, red shading indicates signiﬁcant enrichment in the treated group relative to control, lack of shading indicates no
signiﬁcant enrichment. n = 7 unless otherwise noted (see also Table S10).

PRO, 300, d1 d
PRO, 300, d2
PRO, 300, d4
PRO, 300, d8 d
PRO, 300, d9
PRO, 300, d10
PRO, 300, d12
PRO, 300, d16 d
PRO, 30, d1 d
PRO, 30, d2
PRO, 30, d4
PRO, 30, d8
PRO, 30, d9
PRO, 30, d10
PRO, 30, d12
PRO, 30, d16
a

Non-redundant neighbors only; each probe represented only once.
These gene sets, shaded gray, were excluded from the analysis because they did not meet the minimum size threshold (≥9 probes).
c
The all hpgh gene set includes all redundant probes from the all gonad, all liver, all brain, and all pituitary gene sets.
d
n = 6.
b

then depurated for an additional eight days (Table 5). Compared
to fadrozole and prochloraz, results of the GSEA for the 17␤ trenbolone were notable for the lack of signiﬁcant effect on the gene sets
involved in steroid biosynthesis or steroid metabolism (Table 6).
Additionally, in the case of 17␤ trenbolone, the gene sets associated with all the gonad features in the graphical systems model
(i.e., all gonad; all gonad sans chol synth) as well as all brain features in the model (all brain) were not signiﬁcantly affected, even
though functional subsets of the “all gonad” list were signiﬁcantly
impacted.
While each chemical produced a unique response proﬁle, there
were some similarities. For example, the ﬁve gene sets that contained the large number of ﬁrst degree neighbors to ccnb1, zp3, or
both, were all signiﬁcantly impacted under at least one experimental condition from each experiment. Based on the DAVID analysis
of the neighbors to ccnb1 and zp3, the results suggest that significant differences in the overall expression of ribosomal proteins
and/or overall translational activity occurred in all three studies.
Other than the sets sharing the ccnb1 and zp3 neighbor composition, the gene sets affected under at least one condition in all three

experiments were the all pituitary (Table S4), oocyte maturation
(Table S5), and the set of cholesterol uptake-related genes, including apoeb’s six ﬁrst degree neighbors (EX-cholesterol uptake). The
latter of these three gene sets was impacted on d16 in all experiments, although only at the lower concentration tested in the case
of the prochloraz and 17␤-trenbolone experiments. This was the
only time point-consistent positive effect (i.e., signiﬁcant over- or
under-expression of the gene set) observed across the three experiments. However, in terms of negatives, it was notable that in all
three experiments, there was one time point during the depuration
phase of the experiment where no signiﬁcant over- or underexpression of any of the 23 (21 meeting size threshold) gene sets
was detected. In general, this occurred on day 10, the second day of
depuration following 8 d of continuous exposure (Tables 4–6). The
only exception was for ﬁsh exposed to 3.0 g fadrozole/L, in which
case the no-effect time point in the depuration phase was on day
9 (24 h post-exposure) rather than day 10 (Table 4). It was also
notable that in the prochloraz and 17␤-trenbolone experiments,
no signiﬁcant effects were observed on day 2 (i.e., after 48 h of
continuous exposure).
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steroid_biosynthesis

oocyte_growth

prostaglandin-related

cholesterol_uptake

liver_vitellogenesisb

matrix_metalloproteinaseb

11

10

10

9

8

6

all_hpghc

EX-steroid biosynthesis
12

138

acvrl1 and neighbors

oocyte_maturation
21

12

all_pituitary
26

cholesterol_synthesis

all_liver
38

13

all_gonad_sans_chol_synth
67

EX-cholesterol_uptake

all_gonad
78

15

ccnb1 and neighbors
106

liver_steroid_metabolism

EX-oocyte_growth
113

17

ccnb1, zp3, and neighborsa
118

all_brain

EX- oocyte_maturation
143

19

EX-all_gonad

Number of Probes
Treatment Class

227

Gene Set ID

Table 6
Overview of gene set enrichment analysis (GSEA) results for microarray data from a 16 day time course experiment in which fathead minnows were exposed to 500 or 30 ng
17␤-trenbolone (TRB)/L [24]. Ovary was the target tissue analyzed using a custom 8 × 15 K fathead minnow microarray (GEO Accession GPL9248). Fish were exposed for 1,
2, 4, or 8 days then sampled (d1, d2, d4, d8), or exposed continuously for 8 days then to control water only for 1, 2, 4, or 8 additional days (d9, d10, d12, d16). Gene set ids
with black background indicate extended gene sets that include ﬁrst degree neighbors from a Spearman correlation network. Green shading indicates signiﬁcant enrichment
(nominal p < 0.05) in the control group compared to the treated, red shading indicates signiﬁcant enrichment in the treated group relative to control, lack of shading indicates
no signiﬁcant enrichment (see also Table S11).

TRB, 500, d1 d
TRB, 500, d2 e
TRB, 500, d4 f
TRB, 500, d8 e
TRB, 500, d9 f
TRB, 500, d10 d
TRB, 500, d12 d
TRB, 500, d16 g
TRB, 30, d1 e
TRB, 30, d2 e
TRB, 30, d4 e
TRB, 30, d8 d
TRB, 30, d9 d
TRB, 30, d10 g
TRB, 30, d12 h
TRB, 30, d16 i
a

Non-redundant neighbors only; each probe represented only once.
These gene sets, shaded gray, were excluded from the analysis because they did not meet the minimum size threshold (≥9 probes).
c
The all hpgh gene set includes all redundant probes from the all gonad, all liver, all brain, and all pituitary gene sets.
d
n = 7; e n = 8; f n = 6; g n = 4; h n = 5.
i
n = 2 and it was necessary to use gene set permutation instead of phenotype permutation.
b

4. Discussion
4.1. Graphical model and gene lists
Providing biological context in which to interpret the results
of ecotoxicogenomics experiments remains challenging. Annotations and computational pathway analysis tools for ﬁsh, wildlife,
invertebrates, etc., are substantially less developed than those
for well characterized human health research models (e.g., rats,
mice). There are examples where useful biological inference has
been made based on detailed examination of individual transcript
changes (i.e., differentially expressed genes). However, such analyses can be difﬁcult to conduct in an efﬁcient and unbiased manner
that facilitates both objective interpretation of results and direct
comparisons between multiple experiments. Ontology-based tools
are widely employed, but often do not provide the level of speciﬁcity needed to gain much biological insight. Therefore, many
ecotoxicogenomic experiments fall in the category of being data
rich, but information poor.

The present study was aimed at improving our ability to
extract information from toxicogenomic experiments related to
the effects of chemical stressors on ﬁsh reproduction. In many
respects, the pathway- and annotation-based data analysis tools
commonly employed in toxicogenomic analyses are fundamentally based on synthesis and codiﬁcation of accumulated knowledge
(i.e., in the published literature) regarding the functions or roles
of genes, proteins, metabolites, etc. in a biological system. The
revised graphical model presented here provides that synthesis for
a biological system not currently represented by available inventories of canonical pathways (e.g., the Kyoto Encyclopedia of Genes
and Genomes; KEGG; http://www.genome.jp/kegg/), notably the
intact brain–pituitary–gonadal-hepatic axis. For those unfamiliar
with this system, the graphical model provides a useful biological
context from which to draw connections and understand relationships between different features examined in an experiment. For
those familiar with the system and the associated literature, it is a
way to organize disparate sources of information into a generalized
functional map that can serve as a basis for hypothesis testing as
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well as comparing and contrasting among species, among chemical impacts, etc. Therefore, the graphical model in and of itself, can
help derive information from toxicogenomic data.
Mapping the features depicted in the model to speciﬁc microarray probes allows for the quantitative application of this assembled
biological context. At present, the primary limitation on this implementation is the quality and completeness of the annotation
information for the microarray platform in question. However,
comparison of the mapping efﬁciency/target coverage for three
commercial zebraﬁsh microarray platforms was illustrative. There
was a marked increase in coverage of the features depicted in
the graphical model with each successive update of the zebraﬁsh
microarray platform (Table 1). Coverage on the fathead minnow
microarrays still lagged behind the commercial zebraﬁsh platforms
considered. Nonetheless, at the time the original graphical model
was constructed, a 2000 gene microarray was the most comprehensive available for the species and only 30 relevant model features
could be mapped to corresponding probes [1]. At present, over ﬁve
times as many probes, accounting for roughly 50% genes/proteins
relevant to the model could be mapped. This reﬂects a rapid
and continuous improvement in the tools and annotations being
applied in ecotoxicogenomics research.
4.2. Extended gene sets
Coupling the derivation of model-based gene sets with
clusters of co-expressed genes identiﬁed from transcriptional network inference provides an effective means to integrate both
knowledge-/hypothesis-directed and discovery-based approaches
to microarray data analysis. In the present study, we used transcriptional networks in an effort to broaden the scope of our gene
sets. On a practical level, this would have the beneﬁt of increasing the number of genes represented in each set, particularly for
functional categories with few members or low diversity of membership (e.g., dominated by multiple isoforms of a particular type of
protein). The approach was partially successful in that regard. Some
of the functional gene sets (e.g., those related to oocyte maturation,
oocyte growth, cholesterol uptake) were substantially expanded by
incorporating ﬁrst degree neighbors from a Spearman correlation
network. However, consistent with transcriptional network theory
[27], the distribution of neighbors was very heterogeneous, with
just a few of the model features having many ﬁrst degree neighbors,
while most had few or no ﬁrst degree neighbors in the correlation
network (Table 2). Consequently, the extent to which any particular functional subset was expanded was highly variable and at the
level of the whole tissue list, addition of the neighbors weighted the
list heavily toward certain functional subsets and not others. Ultimately, rather than replace the original gene sets with the extended
sets that included ﬁrst degree neighbors, we felt it was useful to
include both the original and extended gene sets in the analyses.
Useful inferences could be drawn by comparing and contrasting
results for the original and expanded lists.
On a theoretical level, it is supposed that genes regulated in
a coordinated or correlated fashion over a wide range of experimental conditions may be subject to similar regulation and/or
play complementary functional roles [27]. Bearing in mind that
the Spearman correlation network was agnostic as to whether the
correlations between transcripts were positive or negative, results
of the present study would seem to support that assumption. For
example, correlations in the expression of ccnb1 and zp3 and with
that of genes coding for ribosomal proteins and other zona pellucida glycoprotein isoforms seems biologically plausible. Based on
the graphical model and prevailing understanding of oogenesis in
ﬁsh and other vertebrates, we would hypothesize that the preovulatory period of oocyte growth would be characterized by elevated
expression of zona pellucida glycoproteins [28,29]. High expression
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of transcripts coding for ribosomal proteins would support an
increased number of ribosomes to support the production of abundant zona pellucida glycoproteins as well as translation of maternal
RNAs whose expression is regulated post-transcriptionally during
subsequent oocyte maturation and early embryonic development
[30–32]. Cyclin b1 (ccnb1) is one of two critical components of
the heterodimeric protein complex that makes up a maturation
promoting factor (see Fig. S3) which triggers transition from the
oocyte growth stage of oogenesis (characterized by a period of
intensive RNA synthesis [30]) to ﬁnal maturation (characterized by
predominantly post-transcriptional regulation [31,32]). Therefore,
it seems plausible that expression of ccnb1 would be correlated
(positively or negatively) with the expression of zona pellucida
and ribosomal proteins. Examination of the annotations associated with the individual neighbors to ccnb1 and zp3 (Table S7)
also reveals additional genes that align well with the functions of
oocyte growth and maturation. For example, cathepsin B is involved
in proteolysis of yolk components like vitellogenin during oocyte
maturation [33]. Aurora kinase is associated with meiotic maturation and inhibitors of its activity have been shown to block meiotic
maturation in mouse oocytes [34]. Similarly, genes annotated as
oogenesis-related protein, similar to ovulatory protein 2, zygote
arrest 1, also suggest a close relationship with oocyte growth and/or
maturation. It is also notable that transgelin 2, identiﬁed as a ﬁrst
degree neighbor shared by acvrl1 and apoeb was a gene identiﬁed in
a separate microarray study (not included in the data compendium
used to generate the current Spearman correlation network) to
be a candidate marker of signiﬁcant shifts in gross ovarian stage
in fathead minnows [17]. We emphasize that the relationships
represented in our Spearman correlation network and neighborhood analyses are simply correlations that exceed an arbitrary
threshold. They are not necessarily functional relationships and
attempts to reconstruct functional networks have met with rather
limited success [35]. Nonetheless, these results provide encouragement that transcriptional network inference may be effectively
employed to identify additional relevant molecular features to
incorporate into the graphical model and associated gene sets.
Additionally, the results illustrate how features depicted in the current graphical model can provide contextual anchors that can aid
network-based analyses of data collected in toxicogenomic experiments.
4.3. GSEA
Microarray results from our hypoxia experiment with zebraﬁsh
[8] were previously examined in detail. However, those analyses
relied primarily on evaluation of gene ontology (GO) categories
identiﬁed as being statistically enriched among lists of differentially expressed genes derived for the various treatment
conditions. Additionally, changes in the expression of individual
genes among a list of 83 with known reproductive roles in the
teleost brain–pituitary–gonadal-hepatic axis, based on our earlier
version of the graphical model [1], were considered [8]. However, no GSEA was previously conducted on these data. Thus,
the data set provided an opportunity to assess whether a GSEA
analysis using the gene lists assembled in the present study
could support useful inference regarding effects of hypoxia on
the reproductive axis in exposed zebraﬁsh. Martinovic et al. [8]
noted that the majority of brain–pituitary–gonadal-hepatic axis
genes differentially expressed between hypoxic and normoxic
conditions were down-regulated. Consistent with that, GSEA generally showed enrichment in the control group (7.0 mg O2 /L)
compared with the hypoxia treatments. One notable exception
to this was the expression of vitellogenesis-related genes in the
testis of males exposed to hypoxia. Martinovic et al. noted this
as signiﬁcant up-regulation of testicular vtg1 expression after 4 d
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exposure to hypoxia [8]. Analyzing the entire set of vitellogenesisrelated genes with GSEA, a signiﬁcant effect was detected on
day 4 as well as for the severe hypoxia treatment (1.0 mg O2 /L)
on day 14 (Table 3). Based on GO analysis and evaluation of
individual differentially expressed genes, Martinovic et al. also
concluded that reorganization of lipid transport was involved
in the response to hypoxia [8]. The present GSEA results support a similar conclusion, as gene sets associated with both
cholesterol uptake and cholesterol synthesis were signiﬁcantly
impacted (Table S3). These results suggest that the GSEA-based
analysis utilizing tissue-speciﬁc gene lists and their functionally
organized sublists can, at least in some cases, be as effective
as the more detailed examination of individual differentially
expressed genes in supporting inference from ecotoxicogenomic
data.
However, we expected that there would be additional
advantages to a GSEA-based approach when comparing among
experiments. Rather than the analyses depending on lists of differentially expressed genes, the composition of which can vary widely
from one experiment to the next, GSEA considers the expression
data for all probes on the array. If the same gene sets are used for
GSEA, the domain of genes for comparison is largely equivalent,
as reﬂected in the common structure of the GSEA results matrix
for the three EAC experiments examined (Tables 4–6). By considering multiple individual genes as sets, there is a data reduction that
facilitates comparison. Signiﬁcance of the various sets can then be
used to focus on those particular subsets of genes that could be
considered in greater detail. This can improve both the efﬁciency
of comparison across experiments, and stream-line the analysis of
data within an experiment.
The intent of the present work was not to provide a
comprehensive analysis of the microarray data from the EAC
experiments, but rather to illustrate the application of the graphical model-based gene lists and their utility for GSEA-based
comparisons among multiple experiments. Using this approach,
we were able to rapidly and effectively compare the proﬁles
of brain–pituitary–gonadal-hepatic axis-related transcriptional
changes among three, relatively complicated toxicogenomic experiments. Similarities in the time-dependent effects (or lack thereof)
could be discerned. For example, the general lack of signiﬁcant
effects on brain–pituitary–gonadal-hepatic axis-related gene sets
compared to control was notable on both day 10 and day 2 of
the experiments. One could hypothesize that this may reﬂect
an increase in variability among individual ﬁsh as they initially
responded to a change in their exposure condition (either initiation of chemical exposure [day 0] or cessation of chemical exposure
[day 8.5]) and moved toward a different physiological state. However, based on available apical, real-time PCR, and/or metabolomics
results, these time points did not appear consistently more
variable than the others [22–24]. Nonetheless, the GSEA-based
approach provides an efﬁcient and comparable method to evaluate this observation across at least four additional EAC studies (see
Table S1) to clarify whether this is a consistent trend, or simply a
coincidence.
Comparing across chemicals, there was an interesting
dichotomy between the two chemicals that directly inhibit
one or more steroidogenic enzymes (i.e., fadrozole, prochloraz)
and the synthetic androgen (17␤-trenbolone). Speciﬁcally, signiﬁcant over-expression of the gene set associated with steroid
biosynthesis compared to controls was observed for both fadrozole and prochloraz (Tables 4 and 5). This was broadly consistent
with the postulated compensatory increase in transcription
of key steroidogenesis-related genes based on the results of
selected real-time quantitative PCR analyses [22,23]. Steroid
biosynthesis-related gene sets were not signiﬁcantly impacted in
the 17␤-trenbolone experiment. Some alterations in expression

of genes coding for steroidogenic enzymes were detected for
17␤-trenbolone, but the responses were much more variable over
time and included both signiﬁcant up- and down-regulation over
the time-course of the experiment [24]. This again provides focus
for additional comparative investigation.
The GSEA analyses conducted as part of the present work were
all based on microarray data for gonad tissue. Some signiﬁcant
effects were detected when the graphical model-related gene lists
were combined into a single list that included targets relevant
to all four tissues considered (i.e., all hpgh). However, a greater
number of signiﬁcant impacts could be discerned when the overall list was broken into tissue-speciﬁc lists. Obviously, this also
provides a ﬁner level of biological resolution to support inference. We also recognize, however, that gene sets developed for
other tissues (e.g., liver, brain, pituitary) were also impacted in
gonad tissue following exposure to various EACs or hypoxia. Similarly, gene sets associated with female reproductive functions like
oocyte growth and ovulation, were signiﬁcantly impacted in males
(testis tissue). Genes were assigned to tissue/sex-speciﬁc gene sets
based on their well characterized/understood functions in those
milieus. Some proteins like activin subunits, follistatin, insulindependent growth factors, etc. are known to be expressed and
function in a variety of tissues and were thus associated with
more than one tissue-speciﬁc list. However, transcriptomic analyses have also routinely uncovered differential expression of genes
in tissues that would be considered atypical relative to the conventional understanding of their function. Increased expression of
vitellogenin isoforms in the testis tissue of zebraﬁsh exposed to
hypoxia is one example (Table 3; [8]). Unexpected regulation of
various genes and proteins in unconventional tissues can lead to
important new avenues of research and an expanded understanding of biological function. For example, observations of expression
of gonadotropins and GnRH isoforms and GnRH receptors in ovary
tissue have led to a growing body of research on the intraovarian expression and function of those proteins (e.g., [36,37]) that
is reshaping our understanding of GnRH and gonadotropin signaling. Our gene sets were designed to be tissue/sex-speciﬁc in order
to leverage what we currently understand about their function to
aid interpretation of toxicogenomic data and provide improved
sensitivity and resolution. Nonetheless, including all gene sets for
each tissue (or for a different sex) in the analysis is computationally efﬁcient and may lead to discovery of important novel
functions and/or responses for even seemingly well-characterized
targets.
Overall, GSEA anchored to a graphical systems model should
complement other types of microarray data analyses and provide
another useful source of biological insight from which to draw
inferences regarding effects of chemical stressors. As with transcriptomic data in general, the dynamic and variable nature of the
transcriptomic responses still make these data rather difﬁcult to
interpret from graphical model-based GSEA results alone, without supporting phenotypic anchors. However, it is hoped that by
more tightly coupling gene sets examined with the types of endpoints being measured in the experiment (in our case, indicators
of reproductive endocrine function/status like plasma steroid and
vitellogenin concentrations), we can enhance our interpretation of
these results and more effectively compare among experiments.
Due to the signiﬁcant investment of time and expertise required
to construct the graphical model and associated platform-speciﬁc
gene sets, we feel that open sharing of such tools would beneﬁt the scientiﬁc community. The updated graphical model, gene
mapping, and associated gene lists (as .gmt ﬁles) are provided as
supplementary ﬁles. We fully encourage other investigators to utilize these resources and/or adapt them for other purposes and
it is expected that these tools will continue to evolve with the
science.
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