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Exposure to chemicals contributes to the development and progression of fatty liver, or
steatosis, a process characterized by abnormal accumulation of lipids within liver cells.
However, lack of knowledge on how chemicals cause steatosis has prevented any largescale assessment of the 80,000+ chemicals in current use. To address this gap, we mined
a large, publicly available toxicogenomic dataset associated with 18 known steatogenic
chemicals to assess responses across assays (in vitro and in vivo) and species (i.e.,
rats and humans). We identified genes that were differentially expressed (DEGs) in rat
in vivo, rat in vitro, and human in vitro studies in which rats or in vitro primary cell lines
were exposed to the chemicals at different doses and durations. Using these DEGs, we
performed pathway enrichment analysis, analyzed the molecular initiating events (MIEs) of
the steatosis adverse outcome pathway (AOP), and predicted metabolite changes using
metabolic network analysis. Genes indicative of oxidative stress were among the DEGs
most frequently observed in the rat in vivo studies. Nox4, a pro-fibrotic gene, was downregulated across these chemical exposure conditions. We identified eight genes (Cyp1a1,
Egr1, Ccnb1, Gdf15, Cdk1, Pdk4, Ccna2, and Ns5atp9) and one pathway (retinol
metabolism), associated with steatogenic chemicals and whose response was conserved
across the three in vitro and in vivo systems. Similarly, we found the predicted metabolite
changes, such as increases of saturated and unsaturated fatty acids, conserved across
the three systems. Analysis of the target genes associated with the MIEs of the current
steatosis AOP did not provide a clear association between these 18 chemicals and the
MIEs, underlining the multi-factorial nature of this disease. Notably, our overall analysis
implicated mitochondrial toxicity as an important and overlooked MIE for chemicalinduced steatosis. The integrated toxicogenomics approach to identify genes, pathways,
and metabolites based on known steatogenic chemicals, provide an important mean to
assess development of AOPs and gauging the relevance of new testing strategies.
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INTRODUCTION

chemical-induced steatosis. This requires that we screen and
identify steatogenic chemicals. However, current animal-based
(in vivo) testing approaches are time consuming and allow us to
study only a few chemicals at a time. Not surprisingly, the steatosiscausing potential of the more than 80,000 chemicals produced
throughout the world is largely unknown. Hence, there is a need
to develop alternative in vitro assays for identifying steatogenic
chemicals. This, in turn, requires a detailed understanding of
the molecular mediators and key pathways associated with this
steatosis.
The adverse outcome pathway (AOP) framework is a recent
development in toxicology that helps us to understand disease
processes. This framework summarizes the current knowledge
of chemical-induced disease processes from molecular- to
phenotype-level changes and aids in the development of
mechanism-based alternative testing approaches (Ankley
et al., 2010; Oki et al., 2016). It typically captures the essence
of a complex disease phenotype in a simple flowchart-like
diagram comprising molecular initiating events (MIEs), key
events (KEs), and adverse outcomes (Vinken, 2013). This type
of causal, mechanistic outline allows for the development of in
vitro tests for MIEs/KEs, which potentially capture the adverse
outcome observed in in vivo studies (Figure 1). One successful
application of the AOP framework is the development of in vitro
skin sensitization tests, which are now part of the guidelines
provided by regulatory agencies, as alternatives to animal-based
testing approaches (Kleinstreuer et al., 2018). This success can
be attributed to the ability of the AOP framework to capture
the key molecular events in vivo, reproduce them under in vitro

Liver steatosis, which is characterized by excessive accumulation
of lipids (i.e., mainly triglycerides) in hepatocytes (Tiniakos
et al., 2010), is a widely prevalent liver disease affecting more
than a quarter of the world’s population (McPherson et al.,
2015; Younossi et al., 2018). It is a progressive disease that can
lead to more severe forms, such as steatohepatitis, fibrosis,
cirrhosis, hepatocellular carcinoma, and ultimately, liver failure
(McPherson et al., 2015). A number of other adverse health
effects, such as diabetes, metabolic syndrome, and cardiovascular
disease, are associated with this disease (Ballestri et al., 2016;
Mikolasevic et al., 2016; Younossi et al., 2018). Steatosis occurs
in both alcoholic and non-alcoholic fatty liver disease (AFLD/
NAFLD) (Toshikuni et al., 2014). The latter of which has been
attributed to unhealthy diet and a sedentary lifestyle (Tiniakos
et al., 2010). Recent studies show that chemical exposures
contribute to steatosis development and progression (Cave et al.,
2011; Schwingel et al., 2011; Kaiser et al., 2012; Al-Eryani et al.,
2015). For example, healthy, non-alcoholic workers in a vinyl
chloride factory were found to have steatohepatitis comparable
to that of alcoholic liver disease patients (Cave et al., 2010).
Such chemical exposure-induced steatosis, known as toxicantassociated fatty liver disease (TAFLD), is a sub-class of NAFLD
(Al-Eryani et al., 2015).
Currently, there are no therapeutics available for treating
steatosis. In light of this circumstance, reducing or avoiding
exposures to steatogenic chemicals (i.e., chemicals that cause
steatosis) is considered the best approach to prevent or treat

FIGURE 1 | Current approaches to understand the adverse health effects associated with chemical exposures. The effect of more than 80,000 chemicals on human
health is unknown. Animal studies can be used to create bioactivity profile of chemicals and make inference on their effect on human health, but the sheer size of
the number of chemicals needed to be tested precludes a comprehensive survey. A proposed alternative is to use adverse outcome pathways (AOPs) to generate
mechanistic in vitro/in silico tests as alternatives to animal tests of toxicity. The mining of public toxicogenomic datasets plays a role in helping to evaluate and refine
AOPs.

Frontiers in Genetics | www.frontiersin.org

2

October 2019 | Volume 10 | Article 1007

AbdulHameed et al.

Toxicogenomic Data Mining for Steatosis AOP

conditions, develop in vitro tests focused on those KEs, and
validate them using large chemical datasets.
In the case of liver steatosis, a putative AOP has been
proposed (Mellor et al., 2016). It lists 10 ligand-activated
transcription factors (predominantly nuclear receptors) as
MIEs and triglyceride accumulation as the KE (Supplementary
Figure S1). The proposed MIEs are the liver x receptor (LXR),
aryl hydrocarbon receptor (AhR), pregnane x receptor (PXR),
peroxisome proliferator-activated receptor (PPAR)-γ, PPAR-α,
farnesoid x receptor (FXR), constitutive androstane receptor
(CAR), retinoic acid receptor (RAR), glucocorticoid receptor
(GR), and estrogen receptor (ER) (Mellor et al., 2016). These
MIEs are postulated to affect four major physiological events
in the liver, namely lipid entry, de novo lipid synthesis, lipid
metabolism through β-oxidation, and lipid efflux (Angrish
et al., 2016). For this putative AOP to be practically useful,
each MIE and KE event must be experimentally proven to be
relevant for a diverse set of steatogenic chemicals. However,
most experimental studies have focused on only a few exemplar
steatogenic chemicals, such as amiodarone, tetracycline, and
valproic acid, or a subset of genes (Sahini et al., 2014; Szalowska
et al., 2014; Vitins et al., 2014). The MIEs/KEs should also be
evaluated in terms of whether they are conserved across assays
(in vivo and in vitro) and whether the results from animal
studies will be relevant for humans. The validity of the AOP as
well as whether the identified key components hold true across
diverse chemicals, assay/test systems, and species, needs to be
evaluated. In this context, computational data mining of large
publicly available toxicogenomic datasets offers a way to evaluate
whether the AOP components hold true across a diverse set of
chemicals and allow us to identify molecular level mediators
that are conserved across both assay systems (e.g., in vivo and in
vitro) and species (Figure 1).
In this work, we addressed two main questions: 1) what
molecular-level mediators (genes, metabolites), pathways, and
MIEs are conserved among rat in vivo exposure studies for
a diverse set of steatogenic chemicals, and 2) which of these
molecules, signals, and events are conserved across rat and human
in vitro experiments? To this end, we performed computational
data mining/toxicogenomic analyses of a large publicly available
toxicogenomics database, Toxicogenomics Project-Genomics
Assisted Toxicity Evaluation (TG-GATEs) (Igarashi et al., 2015).
This database includes rat in vivo, rat in vitro, and human in vitro
studies of exposure to chemicals at different doses and times. This
allowed us to analyze and compare toxicogenomic data across
both assays (in vivo and in vitro) and species using a diverse
set of steatogenic chemicals. Using the parallelogram analysis
approach (Kienhuis et al., 2009), the molecular mediators and
pathways found to be common across the three test systems are
expected to be relevant to human exposures (Sutter, 1995). We
focused our analyses on known steatogenic chemicals that are
part of TG-GATEs.
Specifically,
we
performed
toxicogenomics-based
parallelogram analysis of 18 diverse steatogenic chemicals and
identified eight differentially expressed genes that were conserved
across the three test systems: Cyp1a1, Egr1, Ccnb1, Gdf15,
Cdk1, Pdk4, Ccna2, and Ns5atp9. Nox4, a pro-fibrotic gene, was
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down-regulated across these chemical exposure conditions. The
retinol metabolism pathway was a significantly enriched pathway
frequently conserved across the three test systems. Analysis of
MIEs in the current steatosis AOP showed that nuclear receptormediated lipogenesis activation was not observed for the current
set of steatogenic chemicals and highlights that mitochondrial
toxicity can be considered as one of steatosis MIE. Metabolic
network analysis shows overlap of 41 predicted metabolites
across the three test systems. Overall, our toxicogenomics-based
parallelogram analysis of diverse steatogenic chemicals enabled
us to identify steatosis-relevant genes, pathways, and metabolites
conserved across three test systems. Our work addresses the
current AOP for steatosis, identifies knowledge gaps, and
suggests ways to improve it and aid the development of new
screening tools.

METHODS
Dataset and Pre-Processing of Data

We used TG-GATEs, a large publicly available toxicogenomics
dataset (Igarashi et al., 2015) that includes gene expression
data obtained from subjects given a treatment (i.e., exposure
to a diverse set of chemicals at different doses and time
points) and matched controls. An important feature of this
dataset is that it includes rat in vitro, rat in vivo, and human
in vitro data. We identified eighteen chemicals represented
in TG-GATEs and reported in the literature to produce
steatosis (Sahini et al., 2014; McDyre et al., 2018): amiodarone,
amitriptyline, bromobenzene, carbon tetrachloride, colchicine,
coumarin, diltiazem, disulfiram, ethanol, ethionamide, ethinyl
estradiol, hydroxyzine, imipramine, lomustine, puromycin
aminonucleoside, tetracycline, vitamin A, and valproic acid
(Supplementary Table S1). We downloaded the raw CEL files
from the TG-GATEs website (https://toxico.nibiohn.go.jp/
open-tggates/english/search.html, accessed in July 2017) and
carried out separate pre-processing for the three test systems
(rat in vivo, rat in vitro, and human in vitro assays) using the
protocol described in our previous studies (AbdulHameed et al.,
2014; AbdulHameed et al., 2016). Briefly, we performed quantile
normalization of the raw CEL files using the robust multiarray average (RMA) method in the BioConductor/R package
affy (Gautier et al., 2004; Gentleman et al., 2004). We then
carried out quality assessment using the ArrayQualityMetrics
package and removed outlier arrays (Kauffmann et al., 2009).
We re-processed the remaining arrays using the RMA method
and used the resulting data for further analyses. We used the
MAS5calls function in affy and removed probe sets that were
“absent” in all replicates across all chemical exposures. We then
carried out non-specific filtering of genes using the genefilter
package and removed probe sets with no Entrez ID or low
variance across chemical exposures (Gentleman et al., 2018).
We calculated the average log2 intensity between replicates of
a chemical exposure condition (i.e., exposure to a particular
chemical at a particular dose and time point), and log-ratios
for each gene between treatment conditions (groups) and their
corresponding control conditions (groups).
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Differential Gene Expression Analysis

genome-scale metabolic model by modifying some of the existing
reactions based on evidence in the literature (Pannala et al., 2018).
In the current work, we generated an updated version of the
human metabolic network by reconciling the changes that were
incorporated into the rat network (Supplementary Table S2).
We validated these models by testing their ability to successfully
simulate 327 liver-specific metabolite functions that represented
liver metabolism. We have provided the updated rat model as part
of the original publication (Pannala et al., 2018) and the updated
human model in this study (Supplementary Table S3).
To simulate the metabolite predictions for the 18 steatogenic
chemicals from the TG-GATEs database, we first determined the
appropriate boundary conditions under which the experimental
data were generated (Igarashi et al., 2015). For in vitro studies,
we used the uptake rates determined for the hepatocyte studies
reported in our original publication (Blais et al., 2017). For the
rat in vivo studies, we used the liver uptake rates obtained from
satiated rats in a previous study (Orman et al., 2013).
We used the Transcriptionally Inferred Metabolic Biomarker
Response (TIMBR) algorithm to predict toxicant-induced
perturbations in metabolites by integrating gene expression
changes with GENREs (Blais et al., 2017). Briefly, TIMBR converts
the log2 fold-change (log2FC) values of all DEGs into weights (W)
for each of the gene-protein-reaction (GPR) relationships in the
GENRE. These reaction weights are then transformed into larger
(or smaller) weights to represent relative levels of expression
between the control and toxicant-treated conditions. TIMBR
then calculates the global network demand required to produce a
metabolite (Xmet) as follows, by minimizing the weighted sum of
fluxes across all reactions for each condition and metabolite, so as
to satisfy the associated mass balance and an optimal fraction of
the maximum network capability (vopt) to produce a metabolite.

To identify DEGs, we used the rank product method (Breitling et al.,
2004), which has found widespread use in gene expression studies
(de Tayrac et al., 2011; Goonesekere et al., 2014). The method
employs a non-parametric approach to convert fold-change values
into ranks and calculates the statistical significance of the obtained
ranks. We used the Bioconductor/R package RankProd for this
analysis (Del Carratore et al., 2017). Each chemical exposure
condition was subjected to rank product analysis and up- or downregulated genes with a false discovery rate cut-off of 0.05 were
identified as DEGs for that exposure condition.
To compare common DEGs between rat in vitro or in vivo
and human in vitro exposure conditions, we used the biomaRt
package and mapped human gene IDs to rat gene IDs (Durinck
et al., 2009). To facilitate comparisons for the set of 18 steatogenic
chemicals, we focused on the most frequently observed genes,
pathways, and metabolites. We considered a set of genes,
pathways, and metabolites to be frequent if it was commonly
observed in 5% of the exposure conditions.

Pathway Enrichment Analysis

We conducted Kyoto Encyclopedia of Genes and Genomes (KEGG)
pathway (Kanehisa et al., 2017) enrichment analysis using the
enrichKEGG function in the BioConductor/R package clusterProfiler
(Yu et al., 2012). This function performs enrichment analysis
using the hypergeometric test to identify significant pathways. We
carried out pathway enrichment analysis using the DEGs associated
with each chemical exposure condition. We used Cytoscape to
summarize enriched pathways for each chemical as a chemicalpathway network (Shannon et al., 2003).

Analysis of Activation of Molecular
Initiating Events

Xmet = min

The MIEs in the proposed steatosis AOP are ligand-activated
transcription factors and regulate the expression of their target
genes. Activation of such MIEs will lead to altered (either
increased or decreased) expression of their target genes, which
can be detected in gene expression data. By analyzing the
expression levels of genes targeted by these MIEs, it would be
possible to provide measures of their activation by different
steatogenic chemicals. To this end, we collected existing
transcription factor-target gene data from the Transcriptional
Regulatory Relationships Unraveled by Sentence-based Text
mining (TRRUST) database (Han et al., 2015). In addition to the
nine MIEs whose activation or agonism were linked to steatosis,
two key genes downstream of them, SREBP1c (gene symbol:
Srebf1) and ChREBP (gene symbol: Mlxipl), are also Transcription
Factors (TFs). We included them in this analysis, and refer to the
nine MIE genes and two key target genes together as MIEs in this
work. Nine of 11 MIEs mapped to TRRUST database.

s.t . : v x ≥ vopt ; vlb < v <ub ; S ⋅ v = 0

(1)

Here, W denotes the vector representing the reaction weights,
v is a vector of reaction fluxes, and S is the stoichiometric
matrix (see Blais et al., 2017 for details). We incorporated the
aforementioned boundary conditions for uptake and secretion
rates into the algorithm by fixing the respective lower (vlb) and
upper bounds (vub) of the exchangeable reactions (vex) in the
model (Eq. 2).
vlb < vex < vub

(2)

Using this method, we determined the relative production
scores for all metabolites (Xraw) from control (Xcontrol) and
toxicant-treated (Xtreatment) conditions (Eq. 3), and then calculated
the TIMBR production scores (Xs) as the z-transformed scores
across all exchangeable metabolites (Eq. 4).

Metabolic Network Analysis

We used the reconciled rat (iRno) and human (iHsa) genomescale metabolic network reconstructions (GENREs) developed
by our group (Blais et al., 2017) to predict toxicant-specific
metabolite alterations in plasma. We recently updated the rat
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XS =

X raw − µ
σ

raw gene expression data resulted in a log2FC matrix with 205
exposure conditions and 7,272 genes (Supplementary Table S4).
Of the 7,272 genes, 1,423 were differentially expressed in at least
one of the exposure conditions. Supplementary Figure S2 shows
the effects of dose and duration of exposure on the number of
DEGs. Of the 205 exposure conditions, 100 (~50%) showed
less than 50 DEGs, reflecting the sparsity of DEGs (i.e., most
exposure conditions showed few DEGs). We observed a dosedependent effect in which compared to low doses, high doses
were associated with more DEGs. Exposure to ethionamide,
ethinyl estradiol, puromycin aminonucleoside, lomustine, or
amiodarone showed more than 200 DEGs. In contrast, exposure
to vitamin A, ethanol, or tetracycline showed less than 50 DEGs
(Supplementary Table S5).

(4)

Here, the model predictions of altered metabolite levels were
considered as having increased or decreased in the blood based
on TIMBR production score cut-off values of greater than 0.1 or
less than −0.1, respectively. Metabolites with scores between −0.1
and 0.1 were considered as unchanged.

RESULTS
Rat in Vivo Gene Expression Analysis
DEGs

Most Frequent DEGs

We analyzed data for 18 steatogenic chemicals represented in
the TG-GATEs database, collected from rats exposed to these
chemicals, and identified significantly modulated DEGs across
all available dose and duration conditions. Pre-processing of the

Figure 2A shows the top 50 frequently occurring DEGs across the
205 chemical exposure conditions. Aldh1a7, Gsta3, and Aldh1a1
were the most frequently observed DEGs, being differentially

FIGURE 2 | (A) The 50 most frequently observed differentially expressed genes (DEGs) in rats exposed to steatogenic chemicals in vivo. (B) Heat map of log2foldchange (log2FC) values associated with the top 50 DEGs across 205 steatogenic chemical exposures. Red indicates up-regulation (> 0.6), yellow indicates lack of
modulation (0.6 to -0.6), and green indicates down-regulation (< -0.6).
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expressed in more than 100 chemical exposure conditions. The
list of frequent DEGs contained genes from diverse families,
including oxidoreductase enzymes (e.g., Aldh1a7, Aldh1a1,
Lox, and Nox4), mitochondrial enzymes involved in fatty acid
metabolism (e.g., Acsm2a and Acsm5), transporters (e.g., Abcc3,
Slc22a8, and Abcg5), enzymes involved in xenobiotic metabolism
(e.g., Cyp3a9, Sult2a6, and Ugt2b1), metal binding protein Mt2A,
and other enzymes (e.g., Car3 and Ephx2). Figure 2B shows a
heatmap of the fold-change values for the top 50 most frequent
DEGs. Whereas genes such as Akr7a3, Aldh1a7, Ugt2b1, Abcc3,
Gsta3, Acsm2a, and Acsm5 were up-regulated, genes such as
Stac3, Car3, Nox4, and Lox were down-regulated (Figure 2B).
Phase-II metabolizing enzymes, such as Sult2a6 and
Ugt2b1, were up-regulated across most steatogenic exposure
conditions. Two mitochondrial enzymes, Acsm2a and Acsm5
were up-regulated and among the top 50 frequent DEGs (Figure
2A). We found that Nox4 was down-regulated for most exposure
conditions (17 of 18 steatogenic chemicals). For example, for the
exemplar steatogenic chemical, amiodarone, Nox4, expression
was down-regulated (log2FC < -0.6) at all high-dose exposure
conditions.

exposure conditions, 114 had at least one significantly enriched
KEGG pathway with more than two DEGs mapping to that
pathway. The retinol metabolism pathway, associated with 92
exposure conditions, was the most frequently enriched pathway.
Xenobiotic metabolism-related pathways, steroid hormone
biosynthesis, and bile secretion pathways were the other
frequently enriched pathways (i.e., enriched in more than 25
exposure conditions) (Supplementary Figure S4). With respect
to particular chemicals, diltiazem, amiodarone, amitriptyline,
colchicine, disulfiram, and ethonamide showed more than 15
enriched pathways.
In addition to identifying commonly enriched pathways for
steatogenic chemicals, we also analyzed the pathways that were
associated with specific chemicals. The presence of chemicalspecific steatosis-relevant pathway enrichment would suggest
the presence of diverse mechanisms leading to steatosis. As
such, we risk overlooking chemical-specific mechanisms by
focusing on common pathways. To address this concern,
we created a chemical-pathway matrix (18 chemicals vs. 84
enriched pathways) in which a pathway is linked to a chemical
if it is enriched for that chemical at any dose or duration of
exposure. Figure 3 summarizes the chemical-pathway matrix
as a network, where pathways unique to a particular chemical
are shown as orange circles and those enriched in two or more
chemicals are shown as blue circles. The retinol metabolism

KEGG Pathway Enrichment Analysis

We identified 84 pathways that were significantly enriched for
at least one of the chemicals in rat in vivo studies. Of the 205

FIGURE 3 | Pathways enriched for each chemical. Red hexagons indicate steatogenic chemicals. Blue circles indicate pathways enriched for two or more
chemicals. Orange circles indicate pathways enriched for only one chemical. An edge (shown in grey) was created between the chemical and the pathway if the
pathway is enriched in any dose/time exposures for that particular chemical. Signaling pathways enriched for more than two chemicals were marked with red start.
Signaling pathways enriched for one or two chemicals were marked with green star.

Frontiers in Genetics | www.frontiersin.org

6

October 2019 | Volume 10 | Article 1007

AbdulHameed et al.

Toxicogenomic Data Mining for Steatosis AOP

pathway was enriched for 15 chemicals, except for puromycin
aminonucleoside, carbon tetrachloride, and ethanol. Other
signaling pathways, such as Jak-STAT, TGF-beta, and AMPK,
were enriched for mostly one but in some cases two steatogenic
chemicals (Figure 3, green stars).

carbon tetrachloride, coumarin, diltiazem, ethinyl estradiol,
hydroxyzine, and lomustine), 4 of 15 (27%) Nr1i2 target genes
showed differential expression.

Metabolic Network Analysis

Using a genome-scale metabolic model for rat, we carried out
metabolic network analyses by integrating gene expression data
to predict alterations in metabolites, focusing on a subset of 119
lipid-related metabolites. Clustering of the predicted metabolite
modulations across the 205 chemical exposure conditions resulted
in three distinct metabolite and condition clusters. Metabolite
cluster 1 (Supplementary Figure S4), which included saturated
fatty acids (e.g., palmitate and stearate), unsaturated fatty
acids (e.g., myristic and valeric acid), glycolipids, sphingosine
derivatives, and phosphatidylcholine derivatives, had the most
altered metabolite profiles and was selected as the cluster most
relevant for the 18 steatogenic chemicals. It should be noted
that this consistently altered metabolites group was obtained
directly in an unsupervised manner. Our analysis predicted the
metabolites to be increased for the Conditions cluster C1 and
decreased in Condition cluster C2. Condition cluster C1 consisted
of 24% high-dose, 35% medium-dose, and 41% low-dose
conditions, whereas Condition cluster C2 consisted of 45% highdose, 25% medium-dose, and 22% low-dose conditions.

Analysis of Steatosis Molecular Initiating Event (MIE)
Activation

The MIEs in the proposed steatosis AOP are ligand-activated
TFs and are predominantly nuclear receptors. A characteristic
feature shared by these MIEs is that upon being activated by ligand
binding, they modulate the expression of their target genes. This
feature motivated us to analyze the expression pattern of these
target genes and use it as an indicator of MIE activation. Similar
approach of TF-target gene information were used to analyze
gene expression data and identify TF modulators (Ryan et al.,
2016). We collected the target genes associated with these 11 MIEs
from the TRRUST database and then mapped them to the preprocessed gene expression dataset (i.e., 7,272 genes). PPARγ and
ESR1 had the highest numbers of target genes mapped (45 and
44, respectively). None of the Nr1i3 (CAR) genes mapped to the
pre-processed data. Nr1h3, Nr1h2, and Mlxipl showed the fewest
mapped genes.
We calculated how many target genes were differentially
expressed for each steatogenic chemical (at any dose or duration)
(Table 1). None of the chemicals significantly modulated more
than ~40% of the MIE target genes. The number of differentially
expressed target genes of Ahr was highest for disulfiram [5 of
13 genes (38%)], followed by ethinyl estradiol and puromycin
aminonucleoside [4 of 13 genes (31%)]. The MIE that showed
differentially expressed target genes for the most steatogenic
chemicals was Nr1i2 (PXR). For seven chemicals (amiodarone,

Rat in Vitro Analysis

Pre-processing of rat in vitro data for the 18 steatogenic
chemicals resulted in a log2FC matrix with 7,362 genes and 152
chemical exposure conditions, of which 123 showed at least
one DEG. Among the 7,362 genes in the pre-processed set,
1,201 were differentially expressed for at least one chemical.

TABLE 1 | Target genes differentially expressed for each molecular initiating event (MIE).a
Rat in vivo

AHR

ESR1

NR1H4

NR1I2

NR3C1

PPARG

RARA

SREBF1

nMAPPED
Amiodarone
Amitriptyline
Bromobenzene
Carbon
tetrachloride
Colchicine
Coumarin
Diltiazem
Disulfiram
Ethanol
Ethinyl estradiol
Ethionamide
Hydroxyzine
Imipramine
Lomustine
Puromycin
aminonucleoside
Tetracycline
Valproic acid
Vitamin A

13
2 (15)
2 (15)
2 (15)
2 (15)

40
4 (10)
5 (13)
5 (13)
4 (10)

13
2 (15)
2 (15)
2 (15)
4 (31)

15
4 (27)
3 (20)
1 (7)
4 (27)

22
4 (18)
0 (0)
2 (9)
3 (14)

45
2 (4)
2 (4)
3 (7)
4 (9)

16
4 (25)
2 (13)
2 (13)
4 (25)

20
4 (20)
1 (5)
0 (0)
2 (10)

1 (8)
3 (23)
1 (8)
5 (38)
1 (8)
4 (31)
3 (23)
3 (23)
2 (15)
2 (15)
4 (31)

2 (5)
6 (15)
3 (8)
8 (20)
3 (8)
6 (15)
5 (13)
7 (18)
5 (13)
9 (23)
8 (20)

1 (8)
2 (15)
2 (15)
2 (15)
1 (8)
1 (8)
3 (23)
1 (8)
2 (15)
2 (15)
3 (23)

1 (7)
4 (27)
4 (27)
2 (13)
0 (0)
4 (27)
3 (20)
4 (27)
3 (20)
4 (27)
3 (20)

0 (0)
0 (0)
0 (0)
2 (9)
1 (5)
3 (14)
3 (14)
1 (5)
2 (9)
2 (9)
3 (14)

2 (4)
2 (4)
1 (2)
5 (11)
2 (4)
9 (20)
3 (7)
1 (2)
2 (4)
9 (20)
7 (16)

1 (6)
2 (13)
2 (13)
4 (25)
1 (6)
9 (31)
2 (13)
2 (13)
3 (19)
3 (19)
3 (19)

1 (5)
3 (15)
0 (0)
5 (25)
2 (10)
5 (25)
5 (25)
2 (10)
3 (15)
4 (20)
5 (25)

0 (0)
1 (8)
0 (0)

0(0)
1(3)
0 (0)

1 (8)
1 (8)
0 (0)

0 (0)
0 (0)
0 (0)

0 (0)
1 (5)
0 (0)

0 (0)
1 (2)
0 (0)

0 (0)
0 (0)
1 (6)

1 (5)
0 (0)
2 (10)

Only MIEs with more than 10 target genes are shown. Each cell shows the number of target genes differentially expressed, with the percentage of target genes differentially
expressed in parentheses. If >20% of MIE target genes were differentially expressed, the number of target genes is marked in bold.
a

Frontiers in Genetics | www.frontiersin.org

7

October 2019 | Volume 10 | Article 1007

AbdulHameed et al.

Toxicogenomic Data Mining for Steatosis AOP

Supplementary Figure S5A shows the 50 DEGs most frequently
observed across the 152 exposure conditions. Cyp1a1 was the
most common DEG (31 exposure conditions), followed by
Cyp26b1 (29 exposure conditions) and Gdf15 (22 exposure
conditions). Pathway enrichment analysis of each exposure
condition revealed that 42 of the 152 conditions showed at least
one enriched pathway and that the most frequently enriched
pathways were the interleukin (IL)-17 signaling, TNF signaling,
and retinol metabolism pathways (> 10 exposure conditions).
Our metabolic network analysis and subsequent clustering
of the predicted lipid-related metabolite (119) profiles across
the 152 exposure conditions identified a metabolite cluster of
54 metabolites that showed alterations across most exposure
conditions. We selected this metabolite cluster, which included
a diverse group of lipids (e.g., palmitate, stearate, oleate,
glycolipids, and phosphatidylcholines), as the cluster relevant to
the steatogenic chemicals.

across the 97 exposure conditions identified a metabolite cluster
of 43 metabolites that showed alterations across most exposure
conditions. This cluster, which we selected as the cluster relevant
to the steatogenic chemicals, included saturated and unsaturated
fatty acids, glycolipids, and phosphatidylcholines, as in the case
of the rat in vivo-in vitro data.

Parallelogram Analysis

Parallelogram analysis is an approach to identify common
mechanisms and molecular mediators underlying gene
expression data obtained from in vivo studies and in vitro assays,
or those obtained from different species. The genes and pathways
common to the three systems examined here (rat in vivo, rat in
vitro, and human in vitro) are assumed to be relevant to living
humans. To facilitate comparisons for the set of 18 steatogenic
chemicals, we focused on the most frequently observed genes,
pathways, and metabolites.
Rat in vivo, rat in vitro, and human in vitro showed 334,
102, and 86 frequently observed DEGs, respectively, across all
steatogenic chemical exposure conditions (Figure 4A). Figure
4B shows the overlap of these DEGs between the three systems.
Rat in vivo-rat in vitro overlap (31 DEGs) was higher than the
rat in vivo-human in vitro overlap (21 DEGs). The overlap was
smallest between rat in vitro and human in vitro systems (12
DEGs). The following eight DEGs were found frequently in all
three systems: Cyp1a1, Egr1, Ccnb1, Gdf15, Cdk1, Pdk4, Ccna2,
and Ns5atp9. Figure 5 shows the overlap of pathways across
the three test systems. The retinol metabolism pathway was
enriched in all three test systems. The PPAR signaling pathway
was enriched in the rodent test systems but not in human in vitro
system. Figure 6 shows the overlap of metabolites across the three
systems. Forty-one of the predicted metabolites were commonly
mapped to all three systems. All metabolites predicted in the rat
in vivo system were also observed in both in vitro systems. The rat
in vitro system predicted 11 metabolites that were not modulated
in the other two systems, whereas the human in vitro and rat in
vitro systems shared two metabolites in common.

Human in Vitro Analysis

We pre-processed the human in vitro data and obtained a
log2FC matrix with 10,158 genes and 97 exposure conditions.
These data included exposure conditions associated with 16 of
the 18 steatogenic chemicals (data for ethanol and puromycin
aminonucleoside were lacking). Of the 97 exposure conditions,
77 showed at least one DEG. The number of DEGs was highest
for colchicine, valproic acid, and diltiazem (> 90), whereas it
was lowest for imipramine (< 5). Among the 10,158 genes in
the pre-processed set, 898 were differentially expressed for
at least one chemical. Supplementary Figure S5B shows the
50 DEGs most frequently observed across the 97 exposure
conditions. CYP1A1 was the most common DEG (17 exposure
conditions). Pathway enrichment analysis showed that 22 of the
97 exposure conditions showed at least one enriched pathway
and that the most frequently enriched pathways were those of
retinol metabolism and chemical carcinogenesis (10 exposure
conditions). A metabolic network analysis and subsequent
clustering of the predicted lipid-related metabolite (119) profiles

FIGURE 4 | (A) Count of frequently differentially expressed genes in three test systems (rat in vivo/vitro and human in vitro). The total number of exposures in each
test system is given in parenthesis. (B) Genes commonly expressed differentially across test systems. Eight genes were commonly differentially expressed in three
test systems.
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FIGURE 5 | Pathways commonly enriched across three test systems (rat in vivo/vitro and human in vitro). A significantly enriched pathways is colored in red,
otherwise it is colored in green. The number indicates the count of differentially expressed genes that mapped in that pathway. If a gene is differentially expressed for
any chemical exposure and mapped to this pathway, they were counted together. Retinol metabolism pathway was commonly enriched in all three test systems.

DISCUSSION

were most frequently differentially expressed, i.e., conserved for
the diverse set of steatogenic chemicals. For example, among the
most frequent DEGs are the aldehyde dehydrogenases (ALDHs),
aldo-keto reductases (AKRs), and glutathione-s-transferases
(GSTs) (Figure 2A). Mitochondrial toxicity is known to increase
ROS levels, which subsequently increases lipid-peroxidation
(Ucar et al., 2013) and leads to the formation of large numbers (>
200) of highly reactive aldehyde compounds (Singh et al., 2013)
which are cytotoxic. ALDHs such as Aldh1a7 and Aldh1a1 are
enzymes that protect cells from aldehyde-induced cytotoxicity by
oxidizing aldehydes to acids (Singh et al., 2013). At high stress
levels other enzymes belonging to the class of aldo-keto reductase
detoxify aldehydes by converting them to alcohol (Ayala et al.,
2014). Among the top-50 DEGs, we found two AKRs (Akr7a3
and Akr1b7). Enzymes involved in xenobiotic metabolism, as
well as transporters which participate in elimination of toxic
compounds from cells, such as Cyp3a9, Sult2a6, Ugt2b1, Abcc3,
Abcg5, and Slc22a8, were also among the most frequent DEGs.
Overall, our analysis of the most frequent DEGs across diverse
steatogenic chemicals agrees with occurrence of mitochondrial
toxicity. In contrast, we did not find genes involved in de novo
fatty acid synthesis or transport among the top-most frequent
DEGs, which is contradictory to what we would expect from
previously proposed steatosis AOP. Fasn is a key determinant

In this study, we performed computational data mining of public
toxicogenomics dataset to show its utility in evaluating/refining
steatosis adverse outcome pathway (AOP). An important
distinction of this work is that we have analyzed the whole
genome level expression changes associated with a large, diverse
set of 18 steatogenic chemicals at different dose and time points
in rat in vivo/in vitro and human in vitro assays with the goal of
finding molecular level mediators and pathways associated with
chemical-induced steatosis.
Mellor et al. previously proposed ligand-activated transcription
factors (predominantly nuclear receptors) as MIEs in liver steatosis
AOP (Mellor et al., 2016). On the other hand, Kaiser and colleagues
identified mitochondrial toxicity as the major mechanism
associated with steatogenic chemicals in IRIS (Integrated Risk
Information System), the U.S. Environmental Protection Agency’s
toxicity database (Kaiser et al., 2012). Many of the exemplar
steatogenic chemicals, such as amiodarone, bromobenzene, carbon
tetrachloride, tetracycline, and valproic acid, are known to cause
mitochondrial toxicity, which leads to oxidative stress development
(Wong et al., 2000; Begriche et al., 2011; Kaiser et al., 2012).
In our analysis of most frequent DEGs, we find that genes
associated with response to oxidative stress/lipid peroxidation
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FIGURE 6 | Metabolites commonly modulated across the three test systems.

enzyme in de novo fatty acid synthesis and is known to be
up-regulated in human steatosis (Dorn et al., 2010). We find
that this gene was differentially expressed in only 14 of the 205
chemical exposures. Similar to our observation reported here,
previous study of tetracycline exposures in mouse precision-cut
liver slices did not observe up-regulated expression of lipogenic
genes (Szalowska et al., 2014).
Another notable gene in the most frequent DEG list is Nox4,
which plays a key role in the development of liver fibrosis (CrosasMolist and Fabregat, 2015). Impairment of NOX4 expression in
HepG2 cells was also associated with an anti-apoptotic mechanism
(Caja et al., 2009). We found that Nox4 was down-regulated for
most exposure conditions (17 of 18 steatogenic chemicals), an
effect which could reflect a compensatory response to reduce
the prevailing oxidative stress. For example, for the exemplar
steatogenic chemical, amiodarone, Nox4 expression was downregulated (log2FC < -0.6) at all high-dose exposure conditions.
This is an interesting new finding, as down-regulation of Nox4
upon exposure to a steatogenic chemical like amiodarone has
not been reported previously. Further experiments are needed
to test whether this down-regulation represents a tipping point
between steatosis and steatohepatitis (i.e., steatosis associated
with severe inflammation). To evaluate the potential of NOX4
as possible biomarker, future experiments could also quantify
the rate, magnitude, and reversibility of NOX4 expression
during and after withdrawal of steatogenic chemical exposure
(Blaauboer et al., 2012).
In our analysis of frequently enriched pathways, we found
the retinol metabolism pathway to be the most frequently

Frontiers in Genetics | www.frontiersin.org

enriched pathway for 18 steatogenic chemicals (Supplementary
Figure 3). Alteration of this pathway has also been reported in
mice and NAFLD patients (Vitins et al., 2014; Pettinelli et al.,
2018). Interestingly, we found the same pathway to be frequently
enriched for a diverse class of steatogenic chemicals. Mapping of
frequent DEGs showed that genes involved in metabolism (e.g.,
Cyp3a9, Cyp4a8, Cyp1a1, Cyp1a2, Ugt2b, and Ugt2b1), ALDHs
(e.g., Adh4, Aldh1a1, and Aldh1a7), and retinol saturase (retsat)
mapped to this pathway (Supplementary Figure 6). The PPAR
signaling pathway is another frequently enriched pathway. It
is an important regulator of lipid homeostasis (Mellor et al.,
2016). Although it is interesting to find lipogenesis-related
genes mapped to this pathway, analysis of the fold-change values
associated with these genes (such as Fasn, Fads2, and Scd1) do
not show a clear relationship such as chemical exposure-induced
up-regulation (Supplementary Table S6). For example, Scd1 was
down-regulated in high dose/time exposures for 8 of 18 chemicals
and unchanged in the remaining 10 chemicals. This result is
contrary to the previous report of increased expression of Fads2
and Scd1 in NASH patients (Chiappini et al., 2017) and could
represent differences associated with chemical-induced steatosis
vs general NAFLD. Another gene, Me1, was up-regulated in high
dose/time exposures of 12 of 18 chemicals (Supplementary Table
S6). Me1 plays a key role in lipogenesis by contributing NADPH
to fatty acid synthesis. However, Me1 is also known to play a
protective role by contributing NADPH under oxidative stress/
high ROS environment (Gorrini et al., 2013). We suggest that the
observed up-regulation of Me1 represents response to oxidative
stress rather than lipogenesis. We did not find previous reports
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on up-regulation of Me1 after steatogenic chemical exposures. In
addition, we analyzed pathways enriched for one or few chemicals
(Figure 3). We found TGF-β and AMPK signaling pathway to
be associated with ethinyl estradiol and disulfiram exposures,
respectively. Both of these pathways were known to be associated
with NAFLD (Yang et al., 2014; Garcia et al., 2019). This highlights
the multifactorial nature of steatosis and the possibility of a
chemical utilizing more than one mechanism to induce it.
We evaluated the activation of the MIEs in the previously
proposed steatosis AOP and found that 60% of the target genes
were not differentially expressed by any of the 18 steatogenic
chemicals. Most of the mapped/differentially expressed target
genes were related to xenobiotic metabolism, transport, or
cell cycle. For example, high numbers of AhR and PXR target
genes were modulated by the greatest number of steatogenic
chemicals (Table 1). These two targets play a major role as
xenobiotic sensors. In our study, Cyp3a9, a key target gene of
PXR that is up-regulated upon PXR is activation, was actually
down-regulated for high dose/time exposures of amitriptyline,
bromobenzene, carbon tetrachloride, coumarin, and puromycin
aminonucleoside. In contrast, Cyp1a1, a key target gene of
AhR, was up-regulated, indicating that AhR was activated. The
enrichment of the retinol metabolism pathway also agrees with
AhR activation, suggesting activation of AhR-mediated immune
response (Mascolo et al., 2018). Previous studies show that
AhR as well as PXR induces liver steatosis through induction of
CD36, a fatty acid transporter (Zhou et al., 2008; Kawano et al.,
2010; Lee et al., 2010). However, we did not observe differential
expression of CD36 gene. These findings suggest that activation of
the target genes of a single nuclear receptor (e.g., AhR) cannot be
used to causally link the receptor to steatosis unless a particular
event (e.g., CD36 up-regulation) occurs. Srebf1 is an important
transcription factor that initiates de novo lipid synthesis and is
implicated in NAFLD (Anderson and Borlak, 2008). Only four
chemicals modulated 5 of the 20 Srebf1 target genes, suggesting
that up-regulation of lipogenesis might not be the initiating factor
associated with most of the steatogenic chemicals studied here.
Of note, exemplar toxicants such as amiodarone, tetracycline,
and valproic acid modulates 4, 1, and 0 of Srebf1 target genes,
respectively. As mentioned earlier, Fasn, the key lipogenesis target
gene of Srebf1 was differentially expressed in only 14 of the 205
chemical exposures. Benet et al. reported that key genes of de novo
fatty acid synthesis such as Fasn was not induced by 25 steatogenic
drugs in HepG2 cells (Benet et al., 2014). They also report that
SREBP1C (the human equivalent to rat Srebf1) was repressed
by the steatogenic drugs (Benet et al., 2014). As these nuclear
receptors participate in multiple cellular homeostatic functions,
further experimental validation will be needed to quantify the
direct relationship between nuclear receptor activation and
steatosis. A key point that is highlighted by our MIE activation
analysis is that because the activation of a nuclear receptor alone
may not provide a causal link to the steatosis, it is also necessary to
quantify the activation of additionally required molecular events.
Overall, our steatosis MIE analysis, performed by mining
of public toxicogenomics database suggests mitochondrial
toxicity rather than nuclear receptor activation as a possible
MIE for chemical-induced steatosis. Additional reports in
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the literature suggest the involvement of nuclear receptors in
steatosis, although they also show that such nuclear receptor
interaction alone do not necessarily lead to steatosis (Sanyal
et al., 2010; Neuschwander-Tetri et al., 2015; Cave et al., 2016).
A recent large scale human clinical study, called as PIVENS,
with 247 adults found that pioglitazone, a PPAR-γ agonist,
significantly reduce steatosis (Sanyal et al., 2010) contrary to
what we would expect if PPAR- γ agonism is a MIE for steatosis.
Similarly, another human clinical trial found that a FXR agonist,
reduce steatosis (Neuschwander-Tetri et al., 2015). This result
contradicts the role of FXR agonism as a MIE for steatosis.
FXR activation was reported to decrease SREBP1C gene and
increase PPAR-α gene leading to decrease in lipid synthesis
and increase in β-oxidation (Cave et al., 2016). This essentially
shows that FXR activation has anti-steatotic effect rather than
a MIE for steatosis. Multiple animal studies also reports that
FXR agonism has anti-steatotic effect (Cipriani et al., 2010;
Shen et al., 2011; Kunne et al., 2014). It should be noted that
the above reports clearly highlight the relevance/involvement
of nuclear receptors in steatosis. We only wish to emphasize that
unless further experimental studies are carried out to dissect
the links/relationship between nuclear receptor activation and
steatosis formation, it may be inappropriate to consider certain
nuclear receptors (e.g., FXR) in the current steatosis AOP as
causal MIEs. CAR another MIE in the previously proposed
AOP, was reported to repress the target genes of LXR, a key
gene whose activation is known to up-regulate lipid synthesis
(Cave et al., 2016). Our MIE activation analysis along with
previous literature reports shows that further propagation/
application of the previously proposed steatosis AOP should
be used with caution, in particular, if attempts were made to
develop individual quantitative structure-activity relationship
(QSAR) models for each of these nuclear receptor MIEs and
aggregate them to predict steatosis phenotype as explored by
Gadaleta et al. (Gadaleta et al., 2018).
Utilizing mitochondrial toxicity as a potential MIE for
steatosis is also consistent with the known toxic effects of the wellstudied steatosis-causing chemicals amiodarone, valproic acid,
and tetracycline. Agricultural and pharmaceutical chemicals are
known to cause mitochondrial toxicity. There are standardized
in vitro tests, including high-throughput screening assays for
mitochondrial toxicity (Wills, 2017). This fact can be utilized
to develop rapid screens for steatogenic chemicals and could
be of interest to alternate test development groups. It should
be noted that the current work is a computational data mining
study that identifies a potential MIE for steatosis. It serves as a
starting point to develop a steatosis AOP using mitochondrial
toxicity as the MIE. However, this effort should include a detailed
weight-of-evidence analysis, which is beyond the scope of the
current analysis but should be part of future work. Drier et al.
has summarized key events and other AOPs associated with
mitochondrial toxicity (Dreier et al., 2019).
Finally, using parallelogram analysis, we examined the
extent of conservation of the molecular-level mediators and
pathways among in vivo and in vitro rat, and human in vitro
experiments in TG-GATEs. Our overlap analysis showed
that across all 3 exposure-study systems, 8 differentially
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Overall, our analysis of steatosis-causing chemicals in rat in
vivo exposure studies pointed to oxidative stress as a major
component of the disease etiology. Further, we suggest that in
developing in silico (QSAR) models for predicting chemicalinduced steatosis, previously proposed nuclear-receptorbased MIEs for steatosis should be used with caution, because
in vitro binding/activation of the nuclear receptors may not
translate into a steatosis-inducing signal given the complexity
of their signaling mechanisms and cross-talk regulation.
Instead, reflecting the multifactorial nature of the disease,
mitochondrial toxicity has clear causal links to steatosis and
should be considered as an additional MIE for chemicalinduced steatosis.
The commonality in response to these chemicals between
the in vivo and in vitro rat studies and the in vitro human
studies occurred both on the gene and pathway level as
well for the predicted metabolite changes. Based on the
parallelogram approach, this commonality indicated a high
likelihood for conservation and relevance of these events
in human exposures. Overall, our analysis shows the utility
of computational data mining of public toxicogenomics
datasets to evaluate proposed steatosis AOP, suggests ways to
improve it, identifies steatosis-relevant genes, pathways, and
metabolites conserved across three test systems, and aids the
development of new screening tools.

SUPPLEMENTARY MATERIAL
The Supplementary Material for this article can be found online at:
https://www.frontiersin.org/articles/10.3389/fgene.2019.01007/
full#supplementary-material
SUPPLEMENTARY TABLE S1 | List of 18 steatogenic chemicals used in this
study, along with their CAS numbers and molecular properties.
SUPPLEMENTARY TABLE S2 | Details of the modifications made to the iHsa
model.
SUPPLEMENTARY TABLE S3 | Updated human genome-scale metabolic
network model.
SUPPLEMENTARY TABLE S4 | Log2fold-change matrix with 205 exposure
conditions.

DATA AVAILABILITY STATEMENT
The data analyzed in this study was downloaded as raw CEL files
from the TG-GATEs website (ftp://ftp.biosciencedbc.jp/archive,
accessed in July 2017). All datasets generated for this study are
included in the manuscript/Supplementary Files.

SUPPLEMENTARY TABLE S5 | Maximum number of DEGs associated with
each chemical exposure across the three test systems.

REFERENCES

Anderson, N., and Borlak, J. (2008). Molecular mechanisms and therapeutic
targets in steatosis and steatohepatitis. Pharmacol. Rev. 60 (3), 311–357. doi:
10.1124/pr.108.00001
Angrish, M. M., Kaiser, J. P., McQueen, C. A., and Chorley, B. N. (2016). Tipping
the balance: hepatotoxicity and the 4 apical key events of hepatic steatosis.
Toxicol. Sci. 150 (2), 261–268. doi: 10.1093/toxsci/kfw018
Ankley, G. T., Bennett, R. S., Erickson, R. J., Hoff, D. J., Hornung, M. W., Johnson,
R. D., et al. (2010). Adverse outcome pathways: a conceptual framework to
support ecotoxicology research and risk assessment. Environ. Toxicol. Chem.
29 (3), 730–741. doi: 10.1002/etc.34
Ayala, A., Munoz, M. F., and Arguelles, S. (2014). Lipid peroxidation: production,
metabolism, and signaling mechanisms of malondialdehyde and 4-hydroxy2-nonenal. Oxid. Med. Cell. Longev. 2014, 360438. doi: 10.1155/2014/360438

SUPPLEMENTARY TABLE S6 | Log2fold-change values for genes Fasn,
Fads2, Scd1, and Me1 under 205 exposure conditions.

AbdulHameed, M. D., Ippolito, D. L., Stallings, J. D., and Wallqvist, A. (2016).
Mining kidney toxicogenomic data by using gene co-expression modules.
BMC Genomics 17 (1), 790. doi: 10.1186/s12864-016-3143-y
AbdulHameed, M. D., Tawa, G. J., Kumar, K., Ippolito, D. L., Lewis, J. A., Stallings,
J. D., et al. (2014). Systems level analysis and identification of pathways and
networks associated with liver fibrosis. PLoS One 9 (11), e112193. doi: 10.1371/
journal.pone.0112193
Al-Eryani, L., Wahlang, B., Falkner, K. C., Guardiola, J. J., Clair, H. B., Prough,
R. A., et al. (2015). Identification of environmental chemicals associated with
the development of toxicant-associated fatty liver disease in rodents. Toxicol.
Pathol. 43 (4), 482–497. doi: 10.1177/0192623314549960

Frontiers in Genetics | www.frontiersin.org

12

October 2019 | Volume 10 | Article 1007

AbdulHameed et al.

Toxicogenomic Data Mining for Steatosis AOP

Ballestri, S., Zona, S., Targher, G., Romagnoli, D., Baldelli, E., Nascimbeni, F., et al.
(2016). Nonalcoholic fatty liver disease is associated with an almost twofold
increased risk of incident type 2 diabetes and metabolic syndrome. Evidence
from a systematic review and meta-analysis. J. Gastroenterol. Hepatol. 31 (5),
936–944. doi: 10.1111/jgh.13264
Begriche, K., Massart, J., Robin, M. A., Borgne-Sanchez, A., and Fromenty, B.
(2011). Drug-induced toxicity on mitochondria and lipid metabolism:
mechanistic diversity and deleterious consequences for the liver. J. Hepatol. 54
(4), 773–794. doi: 10.1016/j.jhep.2010.11.006
Benet, M., Moya, M., Donato, M. T., Lahoz, A., Hervas, D., Guzman, C., et al.
(2014). A simple transcriptomic signature able to predict drug-induced hepatic
steatosis. Arch. Toxicol. 88 (4), 967–982. doi: 10.1007/s00204-014-1197-7
Blaauboer, B. J., Boekelheide, K., Clewell, H. J., Daneshian, M., Dingemans, M. M.,
Goldberg, A. M., et al. (2012). The use of biomarkers of toxicity for integrating
in vitro hazard estimates into risk assessment for humans. ALTEX 29 (4), 411–
425. doi: 10.14573/altex.2012.4.411
Blais, E. M., Rawls, K. D., Dougherty, B. V., Li, Z. I., Kolling, G. L., Ye, P., et al.
(2017). Reconciled rat and human metabolic networks for comparative
toxicogenomics and biomarker predictions. Nat. Commun. 8, 14250. doi:
10.1038/ncomms14250
Breitling, R., Armengaud, P., Amtmann, A., and Herzyk, P. (2004). Rank products:
a simple, yet powerful, new method to detect differentially regulated genes in
replicated microarray experiments. FEBS Lett. 573 (1-3), 83–92. doi: 10.1016/j.
febslet.2004.07.055
Caja, L., Sancho, P., Bertran, E., Iglesias-Serret, D., Gil, J., and Fabregat, I. (2009).
Overactivation of the MEK/ERK pathway in liver tumor cells confers resistance
to TGF-{beta}-induced cell death through impairing up-regulation of the
NADPH oxidase NOX4. Cancer Res. 69 (19), 7595–7602. doi: 10.1158/00085472.CAN-09-1482
Cave, M., Falkner, K. C., Henry, L., Costello, B., Gregory, B., and McClain, C. J.
(2011). Serum cytokeratin 18 and cytokine elevations suggest a high prevalence
of occupational liver disease in highly exposed elastomer/polymer workers. J.
Occup. Environ. Med. 53 (10), 1128–1133. doi: 10.1097/JOM.0b013e31822cfd68
Cave, M., Falkner, K. C., Ray, M., Joshi-Barve, S., Brock, G., Khan, R., et al. (2010).
Toxicant-associated steatohepatitis in vinyl chloride workers. Hepatology 51
(2), 474–481. doi: 10.1002/hep.23321
Cave, M. C., Clair, H. B., Hardesty, J. E., Falkner, K. C., Feng, W., Clark, B. J.,
et al. (2016). Nuclear receptors and nonalcoholic fatty liver disease. Biochim.
Biophys. Acta. 1859 (9), 1083–1099. doi: 10.1016/j.bbagrm.2016.03.002
Chiappini, F., Coilly, A., Kadar, H., Gual, P., Tran, A., Desterke, C., et al. (2017).
Metabolism dysregulation induces a specific lipid signature of nonalcoholic
steatohepatitis in patients. Sci. Rep. 7, 46658. doi: 10.1038/srep46658
Cipriani, S., Mencarelli, A., Palladino, G., and Fiorucci, S. (2010). FXR activation
reverses insulin resistance and lipid abnormalities and protects against liver
steatosis in Zucker (fa/fa) obese rats. J. Lipid Res. 51 (4), 771–784. doi: 10.1194/
jlr.M001602
Crosas-Molist, E., and Fabregat, I. (2015). Role of NADPH oxidases in the redox
biology of liver fibrosis. Redox Biol. 6, 106–111. doi: 10.1016/j.redox.2015.07.005
de Tayrac, M., Aubry, M., Saikali, S., Etcheverry, A., Surbled, C., Guenot, F.,
et al. (2011). A 4-gene signature associated with clinical outcome in highgrade gliomas. Clin. Cancer Res. 17 (2), 317–327. doi: 10.1158/1078-0432.
CCR-10-1126
Del Carratore, F., Jankevics, A., Eisinga, R., Heskes, T., Hong, F., and Breitling, R.
(2017). RankProd 2.0: a refactored bioconductor package for detecting
differentially expressed features in molecular profiling datasets. Bioinformatics
33 (17), 2774–2775. doi: 10.1093/bioinformatics/btx292
Dorn, C., Riener, M. O., Kirovski, G., Saugspier, M., Steib, K., Weiss, T. S., et al.
(2010). Expression of fatty acid synthase in nonalcoholic fatty liver disease. Int.
J. Clin. Exp. Pathol. 3 (5), 505–514. Retrieved from http://www.ijcep.com
Dreier, D. A., Mello, D. F., Meyer, J. N., and Martyniuk, C. J. (2019). Linking
mitochondrial dysfunction to organismal and population health in the context
of environmental pollutants: progress and considerations for mitochondrial
adverse outcome pathways. Environ. Toxicol. Chem. 38 (8), 1625–1634. doi:
10.1002/etc.4453
Durinck, S., Spellman, P. T., Birney, E., and Huber, W. (2009). Mapping identifiers
for the integration of genomic datasets with the R/Bioconductor package
biomaRt. Nat. Protoc. 4 (8), 1184–1191. doi: 10.1038/nprot.2009.97

Frontiers in Genetics | www.frontiersin.org

Gadaleta, D., Manganelli, S., Roncaglioni, A., Toma, C., Benfenati, E., and
Mombelli, E. (2018). QSAR Modeling of ToxCast Assays Relevant to the
Molecular Initiating Events of AOPs Leading to Hepatic Steatosis. J. Chem. Inf.
Model. 58 (8), 1501–1517. doi: 10.1021/acs.jcim.8b00297
Garcia, D., Hellberg, K., Chaix, A., Wallace, M., Herzig, S., Badur, M. G., et al. (2019).
Genetic liver-specific AMPK activation protects against diet-induced obesity
and NAFLD. Cell. Rep. 26192-208 (1), e196. doi: 10.1016/j.celrep.2018.12.036
Gautier, L., Cope, L., Bolstad, B. M., and Irizarry, R. A. (2004). affy–analysis of
Affymetrix genechip data at the probe level. Bioinformatics 20 (3), 307–315.
doi: 10.1093/bioinformatics/btg405
Gentleman, R., Carey, V., Huber, W., and Hahne, F. (2018). Genefilter: methods for
filtering genes from high-throughput experiments. R package version 1.64.0.
Gentleman, R. C., Carey, V. J., Bates, D. M., Bolstad, B., Dettling, M., Dudoit, S., et al.
(2004). Bioconductor: open software development for computational biology
and bioinformatics. Genome Biol. 5 (10), R80. doi: 10.1186/gb-2004-5-10-r80
Goonesekere, N. C., Wang, X., Ludwig, L., and Guda, C. (2014). A meta analysis
of pancreatic microarray datasets yields new targets as cancer genes and
biomarkers. PLoS One 9 (4), e93046. doi: 10.1371/journal.pone.0093046
Gorrini, C., Harris, I. S., and Mak, T. W. (2013). Modulation of oxidative stress as
an anticancer strategy. Nat. Rev. Drug Discov. 12 (12), 931–947. doi: 10.1038/
nrd4002
Han, H., Shim, H., Shin, D., Shim, J. E., Ko, Y., Shin, J., et al. (2015). TRRUST: a
reference database of human transcriptional regulatory interactions. Sci. Rep.
5, 11432. doi: 10.1038/srep11432
Igarashi, Y., Nakatsu, N., Yamashita, T., Ono, A., Ohno, Y., Urushidani, T., et al.
(2015). Open TG-GATEs: a large-scale toxicogenomics database. Nucleic Acids
Res. 43 (Database issue), D921–D927. doi: 10.1093/nar/gku955
Kaiser, J. P., Lipscomb, J. C., and Wesselkamper, S. C. (2012). Putative mechanisms
of environmental chemical-induced steatosis. Int. J. Toxicol. 31 (6), 551–563.
doi: 10.1177/1091581812466418
Kanehisa, M., Furumichi, M., Tanabe, M., Sato, Y., and Morishima, K. (2017).
KEGG: new perspectives on genomes, pathways, diseases and drugs. Nucleic
Acids Res. 45 (D1), D353–D361. doi: 10.1093/nar/gkw1092
Kauffmann, A., Gentleman, R., and Huber, W. (2009). arrayQualityMetrics–a
bioconductor package for quality assessment of microarray data. Bioinformatics
25 (3), 415–416. doi: 10.1093/bioinformatics/btn647
Kawano, Y., Nishiumi, S., Tanaka, S., Nobutani, K., Miki, A., Yano, Y., et al. (2010).
Activation of the aryl hydrocarbon receptor induces hepatic steatosis via the
upregulation of fatty acid transport. Arch. Biochem. Biophys. 504 (2), 221–227.
doi: 10.1016/j.abb.2010.09.001
Kienhuis, A. S., van de Poll, M. C., Wortelboer, H., van Herwijnen, M., Gottschalk, R.,
Dejong, C. H., et al. (2009). Parallelogram approach using rat-human in vitro and
rat in vivo toxicogenomics predicts acetaminophen-induced hepatotoxicity in
humans. Toxicol. Sci. 107 (2), 544–552. doi: 10.1093/toxsci/kfn237
Kleinstreuer, N. C., Hoffmann, S., Alepee, N., Allen, D., Ashikaga, T., Casey, W.,
et al. (2018). Non-animal methods to predict skin sensitization (II): an
assessment of defined approaches. Crit. Rev. Toxicol. 48 (5), 359–374. doi:
10.1080/10408444.2018.1429386
Kunne, C., Acco, A., Duijst, S., de Waart, D. R., Paulusma, C. C., Gaemers, I., et al.
(2014). FXR-dependent reduction of hepatic steatosis in a bile salt deficient
mouse model. Biochim. Biophys. Acta. 1842 (5), 739–746. doi: 10.1016/j.
bbadis.2014.02.004
Lee, J. H., Wada, T., Febbraio, M., He, J., Matsubara, T., Lee, M. J., et al. (2010). A
novel role for the dioxin receptor in fatty acid metabolism and hepatic steatosis.
Gastroenterology 139 (2), 653–663. doi: 10.1053/j.gastro.2010.03.033
Mascolo, M. G., Perdichizzi, S., Vaccari, M., Rotondo, F., Zanzi, C., Grilli, S.,
et al. (2018). The transformics assay: first steps for the development of an
integrated approach to investigate the malignant cell transformation in vitro.
Carcinogenesis 39 (7), 968. doi: 10.1093/carcin/bgy081
McDyre, B. C., AbdulHameed, M. D. M., Permenter, M. G., Dennis, W. E.,
Baer, C. E., Koontz, J. M., et al. (2018). Comparative proteomic analysis of
liver steatosis and fibrosis after oral hepatotoxicant administration in spraguedawley rats. Toxicol. Pathol. 46 (2), 202–223. doi: 10.1177/0192623317747549
McPherson, S., Hardy, T., Henderson, E., Burt, A. D., Day, C. P., and Anstee, Q. M.
(2015). Evidence of NAFLD progression from steatosis to fibrosingsteatohepatitis using paired biopsies: implications for prognosis and clinical
management. J. Hepatol. 62 (5), 1148–1155. doi: 10.1016/j.jhep.2014.11.034

13

October 2019 | Volume 10 | Article 1007

AbdulHameed et al.

Toxicogenomic Data Mining for Steatosis AOP

Mellor, C. L., Steinmetz, F. P., and Cronin, M. T. (2016). The identification of nuclear
receptors associated with hepatic steatosis to develop and extend adverse outcome
pathways. Crit. Rev. Toxicol. 46 (2), 138–152. doi: 10.3109/10408444.2015.1089471
Mikolasevic, I., Milic, S., Turk Wensveen, T., Grgic, I., Jakopcic, I., Stimac, D.,
et al. (2016). Nonalcoholic fatty liver disease - A multisystem disease? World J.
Gastroenterol. 22 (43), 9488–9505. doi: 10.3748/wjg.v22.i43.9488
Neuschwander-Tetri, B. A., Loomba, R., Sanyal, A. J., Lavine, J. E., Van Natta, M. L.,
Abdelmalek, M. F., et al. (2015). Farnesoid X nuclear receptor ligand
obeticholic acid for non-cirrhotic, non-alcoholic steatohepatitis (FLINT): a
multicentre, randomised, placebo-controlled trial. Lancet 385 (9972), 956–965.
doi: 10.1016/S0140-6736(14)61933-4
Oki, N. O., Nelms, M. D., Bell, S. M., Mortensen, H. M., and Edwards, S. W.
(2016). Accelerating adverse outcome pathway development using publicly
available data sources. Curr. Environ. Health Rep. 3 (1), 53–63. doi: 10.1007/
s40572-016-0079-y
Orman, M. A., Ierapetritou, M. G., Androulakis, I. P., and Berthiaume, F. (2013).
Effect of fasting on the metabolic response of liver to experimental burn injury.
PLoS One 8 (2), e54825. doi: 10.1371/journal.pone.0054825
Pannala, V. R., Wall, M. L., Estes, S. K., Trenary, I., O’Brien, T. P., Printz, R. L.,
et al. (2018). Metabolic network-based predictions of toxicant-induced
metabolite changes in the laboratory rat. Sci. Rep. 8 (1), 11678. doi: 10.1038/
s41598-018-30149-7
Pettinelli, P., Arendt, B. M., Teterina, A., McGilvray, I., Comelli, E. M., Fung, S. K.,
et al. (2018). Altered hepatic genes related to retinol metabolism and plasma
retinol in patients with non-alcoholic fatty liver disease. PLoS One 13 (10),
e0205747. doi: 10.1371/journal.pone.0205747
Ryan, N., Chorley, B., Tice, R. R., Judson, R., and Corton, J. C. (2016). Moving
toward integrating gene expression profiling into high-throughput testing:
a gene expression biomarker accurately predicts estrogen receptor alpha
modulation in a microarray compendium. Toxicol. Sci. 151 (1), 88–103. doi:
10.1093/toxsci/kfw026
Sahini, N., Selvaraj, S., and Borlak, J. (2014). Whole genome transcript profiling of
drug induced steatosis in rats reveals a gene signature predictive of outcome.
PLoS One 9 (12), e114085. doi: 10.1371/journal.pone.0114085
Sanyal, A. J., Chalasani, N., Kowdley, K. V., McCullough, A., Diehl, A. M., Bass,
N. M., et al. (2010). Pioglitazone, vitamin E, or placebo for nonalcoholic
steatohepatitis. N. Engl. J. Med. 362 (18), 1675–1685. doi: 10.1056/
NEJMoa0907929
Schwingel, P. A., Cotrim, H. P., Salles, B. R., Almeida, C. E., dos Santos, C. R.,
Jr., Nachef, B., et al. (2011). Anabolic-androgenic steroids: a possible new risk
factor of toxicant-associated fatty liver disease. Liver Int. 31 (3), 348–353. doi:
10.1111/j.1478-3231.2010.02346.x
Shannon, P., Markiel, A., Ozier, O., Baliga, N. S., Wang, J. T., Ramage, D.,
et al. (2003). Cytoscape: a software environment for integrated models of
biomolecular interaction networks. Genome Res. 13 (11), 2498–2504. doi:
10.1101/gr.1239303
Shen, L. L., Liu, H., Peng, J., Gan, L., Lu, L., Zhang, Q., et al. (2011). Effects of
farnesoid X receptor on the expression of the fatty acid synthetase and hepatic
lipase. Mol. Biol. Rep. 38 (1), 553–559. doi: 10.1007/s11033-010-0140-0
Singh, S., Brocker, C., Koppaka, V., Chen, Y., Jackson, B. C., Matsumoto, A., et al.
(2013). Aldehyde dehydrogenases in cellular responses to oxidative/electrophilic
stress. Free Radic. Biol. Med 56, 89–101. doi: 10.1016/j.freeradbiomed.2012.11.010
Sutter, T. R. (1995). Molecular and cellular approaches to extrapolation for risk
assessment. Environ. Health Perspect. 103 (4), 386–389. doi: 10.1289/ehp.95103386

Frontiers in Genetics | www.frontiersin.org

Szalowska, E., van der Burg, B., Man, H. Y., Hendriksen, P. J., and Peijnenburg,
A. A. (2014). Model steatogenic compounds (amiodarone, valproic acid, and
tetracycline) alter lipid metabolism by different mechanisms in mouse liver
slices. PLoS ONE 9 (1), e86795. doi: 10.1371/journal.pone.0086795
Tiniakos, D. G., Vos, M. B., and Brunt, E. M. (2010). Nonalcoholic fatty liver
disease: pathology and pathogenesis. Annu. Rev. Pathol. 5, 145–171. doi:
10.1146/annurev-pathol-121808-102132
Toshikuni, N., Tsutsumi, M., and Arisawa, T. (2014). Clinical differences
between alcoholic liver disease and nonalcoholic fatty liver disease. World J.
Gastroenterol. 20 (26), 8393–8406. doi: 10.3748/wjg.v20.i26.8393
Ucar, F., Sezer, S., Erdogan, S., Akyol, S., Armutcu, F., and Akyol, O. (2013). The
relationship between oxidative stress and nonalcoholic fatty liver disease: its
effects on the development of nonalcoholic steatohepatitis. Redox Rep. 18 (4),
127–133. doi: 10.1179/1351000213Y.0000000050
Vinken, M. (2013). The adverse outcome pathway concept: a pragmatic tool in
toxicology. Toxicology 312, 158–165. doi: 10.1016/j.tox.2013.08.011
Vitins, A. P., Kienhuis, A. S., Speksnijder, E. N., Roodbergen, M., Luijten, M.,
and van der Ven, L. T. (2014). Mechanisms of amiodarone and valproic
acid induced liver steatosis in mouse in vivo act as a template for other
hepatotoxicity models. Arch. Toxicol. 88 (8), 1573–1588. doi: 10.1007/
s00204-014-1211-0
Wills, L. P. (2017). The use of high-throughput screening techniques to
evaluate mitochondrial toxicity. Toxicology 391, 34–41. doi: 10.1016/j.
tox.2017.07.020
Wong, S. G., Card, J. W., and Racz, W. J. (2000). The role of mitochondrial injury in
bromobenzene and furosemide induced hepatotoxicity. Toxicol. Lett. 116 (3),
171–181. doi: 10.1016/S0378-4274(00)00218-6
Yang, L., Roh, Y. S., Song, J., Zhang, B., Liu, C., Loomba, R., et al. (2014).
Transforming growth factor beta signaling in hepatocytes participates in
steatohepatitis through regulation of cell death and lipid metabolism in mice.
Hepatology 59 (2), 483–495. doi: 10.1002/hep.26698
Younossi, Z., Anstee, Q. M., Marietti, M., Hardy, T., Henry, L., Eslam, M., et al.
(2018). Global burden of NAFLD and NASH: trends, predictions, risk factors
and prevention. Nat. Rev. Gastroenterol. Hepatol. 15 (1), 11–20. doi: 10.1038/
nrgastro.2017.109
Yu, G., Wang, L. G., Han, Y., and He, Q. Y. (2012). clusterProfiler: an R package
for comparing biological themes among gene clusters. OMICS 16 (5), 284–287.
doi: 10.1089/omi.2011.0118
Zhou, J., Febbraio, M., Wada, T., Zhai, Y., Kuruba, R., He, J., et al. (2008). Hepatic
fatty acid transporter Cd36 is a common target of LXR, PXR, and PPARgamma
in promoting steatosis. Gastroenterology 134 (2), 556–567. doi: 10.1053/j.
gastro.2007.11.037
Conflict of Interest: The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could be construed as a
potential conflict of interest.
Copyright © 2019 AbdulHameed, Pannala and Wallqvist. This is an open-access
article distributed under the terms of the Creative Commons Attribution License
(CC BY). The use, distribution or reproduction in other forums is permitted,
provided the original author(s) and the copyright owner(s) are credited and that the
original publication in this journal is cited, in accordance with accepted academic
practice. No use, distribution or reproduction is permitted which does not comply
with these terms.

14

October 2019 | Volume 10 | Article 1007

