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Abstract
Transcriptomics is developing into an invaluable tool in toxicology. The aim of this study was, using a transcriptomics
approach, to identify genes that respond similar to many diﬀerent chemicals (including drugs and industrial compounds) in
both rat liver in vivo and in cultivated hepatocytes. For this purpose, we analyzed Aﬀymetrix microarray expression data
from 162 compounds that were previously tested in a concentration-dependent manner in rat livers in vivo and in rat hepatocytes cultivated in sandwich culture. These data were obtained from the Japanese Toxicogenomics Project (TGP) and North
Rhine-Westphalian (NRW) data sets, which represent 138 and 29 compounds, respectively, and have only 5 compounds
in common between them. The in vitro gene expression data from the NRW data set were generated in the present study,
while TGP is publicly available. For each of the data sets, the overlap between up- or down-regulated genes in vitro and
in vivo was identiﬁed, and named in vitro–in vivo consensus genes. Interestingly, the in vivo–in vitro consensus genes overlapped to a remarkable extent between both data sets, and were 21-times (upregulated genes) or 12-times (down-regulated
genes) enriched compared to random expectation. Finally, the genes in the TGP and NRW overlap were used to identify the
upregulated genes with the highest compound coverage, resulting in a seven-gene set of Cyp1a1, Ugt2b1, Cdkn1a, Mdm2,
Aldh1a1, Cyp4a3, and Ehhadh. This seven-gene set was then successfully tested with structural analogues of valproic acid
that are not present in the TGP and NRW data sets. In conclusion, the seven-gene set identiﬁed in the present study responds
similarly in vitro and in vivo to a wide range of diﬀerent chemicals. Despite these promising results with the seven-gene set,
transcriptomics with cultivated rat hepatocytes remains a challenge, because in general many genes are up- or downregulated
by in vitro culture per se, respond diﬀerently to test compounds in vitro and in vivo, and/or show higher variability in the
in vitro system compared to the corresponding in vivo data.
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Transcriptomics is a frequently applied tool in toxicology
(Godoy et al. 2013; Ellinger-Ziegelbauer et al. 2011; Krug
et al. 2013; Lohr et al. 2015; Reif 2015), and has been used
to elucidate speciﬁc gene expression patterns that can then
be associated with mechanisms of action and histopathological changes (Ippolito et al. 2016; Stoeber 2015; Rempel
et al. 2015; De Abrew et al. 2015; Stemmer et al. 2007).
Recently, studies have been performed to understand the
principles governing transcriptome changes from safe to
hazardous drug concentrations (Waldmann et al. 2014).
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Concentration-dependent analyses in human embryonic
stem cells diﬀerentiating to neuroectoderm have shown that
at least three concentration ranges should be diﬀerentiated:
(1) a range of tolerance, where no gene expression changes
occur; (2) a range of expression deregulation, where genes
are up- or downregulated but no cytotoxic eﬀects occur; and
(3) a cytotoxic concentration range where in addition to gene
expression alterations, cell death events are also induced.
Often, concentrations that cause expression deregulation
are associated with adverse eﬀects. For example, valproic
acid has been shown to cause gene expression deregulation
without cytotoxicity at 150–550 μM in cultivated neuronal
precursor cells, a similar concentration range that leads to
an increased risk of teratogenicity measured in an in vitro
embryonic stem cell diﬀerentiation test (Waldmann et al.
2014).
To diﬀerentiate between safe and hazardous drug concentrations, it is important to identify the concentration range
that causes deregulation of gene expression. This is a precondition to study whether deregulated genes are responsible for adverse eﬀects. However, it is relatively expensive
to perform genome-wide expression analyses for this task.
Therefore, considering that gene expression alterations usually occur in clusters of correlated genes (Godoy et al. 2015,
2016), a small set of genes may be suﬃcient to identify the
concentration dependence of gene expression deregulations.
These genes may then be analyzed by qRT-PCR or reporter
constructs instead of performing more expensive RNAseq
or microarray experiments.
Recently, a genome-wide expression study on cultivated
human hepatocytes exposed to 143 chemicals has reported
a stereotypical stress response of gene expression, indicating that the same genes were up- or downregulated by many
diﬀerent compounds (Grinberg et al. 2014). Many of these
stereotypical stress response genes also overlap with genes
deregulated in human liver diseases, such as cirrhosis, hepatocellular cancer, and non-alcoholic fatty liver disease (Grinberg et al. 2014).
Such stereotypical gene expression responses have so far
been studied in cultivated human hepatocytes only. Currently, there are no studies available that have investigated
similar gene expression responses in cultivated rat hepatocytes. One challenge working with rat hepatocytes is that the
genes deregulated after exposure of cultivated rat hepatocytes may show relatively large expression diﬀerences compared to rats treated in vivo (Schug et al. 2013). Not only
the magnitude of expression deregulation may diﬀer but also
completely diﬀerent genes may be aﬀected. Therefore, the
aim of this study was to identify a consensus signature of
genes that are deregulated by many compounds. Moreover,
these ‘consensus genes’ should respond similarly in vivo
and in hepatocytes in vitro which could support translation between in vivo and in vitro data. For this purpose, we

generated Aﬀymetrix microarray data from rat hepatocytes
treated with 29 compounds that were previously tested in
rats in vivo (Ellinger-Ziegelbauer et al. 2008). These compounds comprise genotoxic liver carcinogens, non-genotoxic
liver carcinogens and non-carcinogenic substances. The
in vivo and in vitro data of the 29 compounds have been
collected as the NRW (North Rhine-Westphalian) dataset (Fig. 1). This allowed us to identify genes overlapping
in vitro and in vivo (in vitro/in vivo overlap) (Fig. 1). The
in vitro/in vivo overlap was also obtained for a diﬀerent set
of compounds for which public Aﬀymetrix data were available, the Japanese Toxicogenomics Project (TGP) dataset
(Fig. 1). Interestingly, a relatively high degree of overlap
(compared to the randomly expected overlap) was obtained
between the two databases although only ﬁve chemicals
were present in common. These results demonstrate that as
observed in human hepatocytes, a stereotypical expression
response can also be induced in rat hepatocytes to a wide
range of chemicals with diﬀerent mechanisms of action.
Based on the consensus genes of the NRW and the TGP
data sets, a seven-gene signature was established and further
compounds (not present in NRW or TGP) were tested. All
seven additional compounds showed the expected deregulations of the seven-gene signature.

Materials and methods
Statistical analysis
The download and preprocessing of TGP data set was performed as previously described (Grinberg et al. 2014). Data
preprocessing and all subsequent analyses were performed
using the statistical programming language R, version 3.0.1
(R Development Core Team 2013). Gene microarray data
of the already published in vivo data of the NRW data set
(GSE68110); (Ellinger-Ziegelbauer et al. 2008) and the
here-generated gene microarray data in vitro (GSE119933;
see below) were processed by the same pipeline. For normalization of the entire set of expression arrays, the Robust
Multi-Array Average (RMA) algorithm was used that
applies background correction, log2 transformation, quantile normalization, and a linear model ﬁt to the normalized
data to obtain a value for each probe set on each microarray (Irizarry et al. 2003). The diﬀerence in gene expression
(fold change) between treated samples and corresponding
untreated controls was calculated for each compound, and
for each concentration and incubation time, based on the
average of replicate values. These values were used for all
subsequent analyses. Principal component analysis (PCA)
was used to visualize expression data in two dimensions,
representing the ﬁrst two principal components, i.e., the two
orthogonal directions of the data with the highest variance
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In vitro:
Low: 29
Middle: 29
High: 29
In vivo: 30

NRW
29 compounds in vivo and in vitro
Tab. S1-2

TGP
138 compounds in vivo and in vitro
Tab. S3-4

In vitro:
Low: 145
Middle: 140
High: 138
In vivo: 155

In vivo

In vitro

In vivo

In vitro

Consensus (SV3) genes:
369 (326)

Consensus (SV3) genes:
354 (1072)

Consensus (SV3) genes:
513 (414)

Consensus (SV3) genes:
574 (1228)

Tab. S5

Tab. S6

Tab. S7

Tab. S8

Overlap in vivo vs. in vitro

Overlap in vivo vs. in vitro

77 (98) genes

140 (186) genes

Tab. S9

Tab. S10

Overlap NRW vs. TGP
23 (22) genes; 29.8% (22.4%)
Tab. S11

Idenﬁcaon of top-ranking genes with maximum compound-coverage
Cyp1A1, Ugt2b1, Ehhadh, Cdkn1a, Mdm2, Aldh1a1, Cyp4a3
Tab. S12

Experimental validaon with independent compounds
Fig. 12
Fig. 1 Study design. The study is based on two genome-wide data
sets (NRW and TGP). In both data sets, test compounds were studied
after oral administration to rats and analysis of liver tissue (in vivo),
as well as after exposure of cultivated rat hepatocytes (in vitro). First,
genes up- or down-regulated by the individual compounds in vitro
and in vivo (in vitro–in vivo overlap) were identiﬁed in each data set.
Next, the overlap between the two data sets was determined. The latter overlap was used for a ranking approach to identify gene sets that

cover the highest possible number of compounds, also named ‘topranking genes’. Finally, cultivated rat hepatocytes were incubated
concentration dependently with independent compounds (validation
compounds) not included in the previous two data sets (NRW and
TGP) and the expression of seven ‘top-ranking genes’ was analyzed.
The corresponding gene lists are available in the supplement (Tab.
S1–12)

(Grinberg et al. 2014). PCA was performed on the basis
of the 100 top-ranking genes with the highest fold change
(absolute values) across all compounds. Numbers of signiﬁcantly up- or down-regulated genes for the individual test
compounds were obtained after adjustment by the method
of Benjamini and Hochberg at a p value ≤ 0.01 (adj.p. Benjamini–Hochberg (BH) ≤ 0.01). In the corresponding plots,
genes with adj.p.BH ≤ 0.01 with fold changes (FC) ≥ 1.5,
2.0 and 3.0 are diﬀerentiated using color-coded bar plots.
The selection value (SV) used in this study is a method to
diﬀerentiate between stereotypic and compound-speciﬁc
gene expression responses (Grinberg et al. 2014). Genes that
are deregulated by many compounds reﬂect a stereotypic

response, in contrast to a compound-speciﬁc response of
genes that are regulated only by a few compounds. For a
given probe set, the selection value determines the number
of compounds that induces a signiﬁcant expression change.
Selection value 3 (SV3) then yields a list of genes deregulated in the same direction by at least three compounds.
Euclidean distances were calculated to quantify the similarity of replicates as well as pairs of controls and compoundinduced samples. For this purpose, Euclidean distances
between all pairs of triplicates (duplicates) and between all
pairs of compound-exposed samples and controls were calculated and compared with each other. Exclusivity analysis according to a method recently described by Grinberg
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et al. (2014) was applied to ﬁrst determine the 100 strongest
upregulated (or downregulated) genes across all compounds.
Next, these genes were assigned to the compound with the
most extreme fold change. Finally, the plots indicate the
numbers of such ‘match winning events’ for each compound.
Analysis of overlap ratios is a recently established method
to determine whether the overlap of two sets of genes is
higher than randomly expected (Shinde et al. 2017). For
instance, an overlap ratio of three means that two sets of
genes have threefold more genes in common than randomly
expected. Genes and gene combinations with the highest
coverage were identiﬁed by the following method: ﬁrst, the
gene was identiﬁed that is deregulated by most of the test
compounds; subsequently, the next ranking gene was added
so that both are deregulated by as many compounds as possible, and so on.

Establishment of the NRW data set
The NRW data set consists of gene microarray data from
29 compounds that were tested in rat liver in vivo after the
exposure of male Wistar rats, and in vitro using cultivated
hepatocytes from male Wistar rats (in vitro data generated
in the present study: GSE119933). The matrix of the test
compounds is given in Table S1 (in vivo) and Table S2 (in
vitro), including information on the three concentrations
used in vitro, the number of samples obtained from diﬀerent
rats for each concentration, and the class of the compounds.
Incubation of the cultivated rat hepatocytes with the test
compounds was performed for 24 h. Rat hepatocytes were
cultivated as sandwich cultures as described below. Cultivation was performed using six-well dishes where three wells
were incubated with the same concentration of the test compound and the remaining three wells were used for solvent
controls. Moreover, each compound was analyzed following
treatment of hepatocytes from three diﬀerent rats, isolated
on diﬀerent experimental days (three biological replicates).
Aﬀymetrix gene chip analysis of in vitro-cultivated hepatocytes was performed as described in Krug et al. (2013) with
modiﬁcations. Brieﬂy, samples from the six-well dishes
were collected and stored in RNAprotect reagent from Qiagen until isolation of RNA. The RNA was quantiﬁed using
a NanoDrop N-1000 spectrophotometer, and the integrity
of RNA was conﬁrmed with a standard sense automated
gel electrophoresis system. Samples were used for transcriptional proﬁling only when their RNA quality indicator (RQI)
number was > 8. First-strand cDNA was synthesized from
100 ng total RNA using an oligo-dT primer with an attached
T7 promoter sequence, followed by the complementary second strand. The double-stranded cDNA molecule was used
for in vitro transcription (IVT, standard Aﬀymetrix procedure) using Genechip 3ƍ IVT Express Kit. During synthesis
of the aRNA (ampliﬁed RNA, also commonly referred to

as cRNA), a biotinylated nucleotide analogue was incorporated, which serves as a label for the message. After ampliﬁcation, aRNA was puriﬁed with magnetic beads and 15 μg of
aRNA was fragmented with the fragmentation buﬀer as per
the manufacturer’s instructions. Then 12.5 μg fragmented
aRNA was hybridized with Aﬀymetrix Rat Genome 230
2.0 Arrays as per the manufacturer’s instructions. The chips
were placed in a GeneChip Hybridization Oven-645 for 16 h
at 60 rpm and 45 °C. For staining and washing, Aﬀymetrix
HWS kits were used on a Genechip Fluidics Station-450. For
scanning, the Aﬀymetrix GeneChip Scanner-3000-7G was
used, and the image and quality control assessments were
performed with Aﬀymetrix GCOS software. All reagents
and instruments were acquired from Aﬀymetrix (Aﬀymetrix, Santa Clara, CA, USA). The generated CEL ﬁles were
used for further statistical analysis. The authors declare that
microarray data were produced according to MIAME guidelines and will be deposited in ArrayExpress upon acceptance
of the manuscript. Doses and exposure periods in vivo are
available in Table S1 and the corresponding gene microarray
data have already been published in Ellinger-Ziegelbauer
et al. (2008).

Further experimental procedures
Isolation and cultivation of primary rat hepatocytes was
performed according to a published standard operation procedure (Godoy et al. 2013; Schug et al. 2013). Male Wistar
rats with a body weight of 220–300 g were purchased from
Charles River (Sulzfeld, Germany). The animals had free
access to food (sniﬀ, Soest, Germany) and water and were
kept under controlled temperature (18–26 °C), humidity
(30–70%) and lighting (12 h light/dark circle). Prior to any
experimental procedure, the animals were acclimated for a
minimum of 6 days. This study was approved by the local
committee for the welfare of experimental animals and was
performed in accordance with national legislation. RNA was
extracted from cultivated primary hepatocytes as described
by Heise et al. (2012). Quantitative real-time PCR (qRTPCR) was performed as described in Grinberg et al. (2014).
Brieﬂy, the High Capacity cDNA Reverse Transcription
Kit (Applied Biosystems, Darmstadt, Germany) was used
to reversely transcribe RNA into cDNA. qRT-PCR with
TaqMan probes was performed on the ABI 7500 Fast RealTime PCR system (Applied Biosystems) to determine gene
expression levels and the following primers were used:
Cytochrome P450 family 1 subfamily a polypeptide 1,
Cyp1a1: Rn00487218_m1, UDP Glucuronosyltransferase
2 family polypeptide B1, Ugt2b1: Rn00756519_m1, Mouse
Double Minute 2 Homolog Protooncogene E3 ubiquitin protein ligase, Mdm2: Rn01502814_m1, Aldehyde dehydrogenase 1 family member A1, Aldh1a1: Rn00755484_m1,
Cytochrome P450 family 4 subfamily a, polypeptide 3,
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Cyp4a3: Rn04224033_u1, Cyclin-dependent kinase inhibitor 1A, Cdnkn1a: Rn00589996_m1, Enoyl-CoA Hydratase
And 3-Hydroxyacyl CoA Dehydrogenase, Ehhadh:
Rn00592368_m1, Cyclin-Dependent Kinase Inhibitor 1C,
Cdkn1c: Rn01502044_g1, and Peptidylprolyl isomerase
A, PPIA: Rn00690933_m1. Twenty-ﬁve nanogram cDNA
was used in each PCR, and the conditions were set according to the standard speciﬁcations recommended by Applied
Biosystems. For calculation of relative gene expression, the
ΔΔCT method was used. Time-matched, untreated cells that
were cultivated on the same six-well plate as the treated cells
were used as controls. Three biological replicates (hepatocytes isolated from three diﬀerent rats; each isolation was
performed at a diﬀerent day) were analyzed.

Results
Data structure of the NRW data set
The NRW data set is comprised of 30 compounds that were
previously tested in rats in vivo (Ellinger-Ziegelbauer et al.
2008; Table S1). Of these 30 compounds, 29 were tested
in vitro in the present study using sandwich cultures of rat
hepatocytes (Table S2). Male Wistar rats were used for
both the in vivo and in vitro experiments. Exposure periods
in vivo ranged between 24 h and 14 days with the exception of acetaminophen that was additionally tested after 6
and 12 h (Table S1). For the in vitro experiments, the 24-h
time point was analyzed using three concentrations, with
the highest representing the EC20 (Table S2). All samples
from the in vitro and in vivo series were analyzed using
Aﬀymetrix microarrays. An overview of the gene expression for the individual replicates of all samples was obtained
by principal component analysis (PCA) (Fig. 2). The gene
expression changes obtained from the in vitro (green) and
in vivo (orange) models clustered to diﬀerent regions of the
PCA plot (Fig. 2). At the beginning of the incubation period
(green triangles), the in vitro samples clustered separately
from the samples after 24-h compound exposure (green circles and squares). This agrees with the well-known phenomenon of spontaneous expression changes when hepatocytes
are isolated and cultivated (Godoy et al. 2015, 2016; Zellmer
et al. 2010). It also underlines the importance of time- and
batch (experiment)-matched controls. Moreover, the in vitro
samples (ctr and exp) appeared in two clusters separated
along PC2. In vivo, controls and compound-exposed
samples did not cluster separately when all samples were
included in the PCA (Fig. 2).
To visualize the inﬂuence of the diﬀerent test compounds,
the in vitro (Suppl. Fig. S1) and in vivo (Suppl. Fig. S2)
data were further analyzed separately. The degree of variability was illustrated by connecting lines between replicates

Fig. 2 Principal component analysis of gene expression data obtained
from cultivated primary rat hepatocytes (in vitro) and from rat liver
samples (in vivo) after incubation with 29 (in vitro) and 30 (in vivo)
chemicals. The PCA plot is based on the 100 probe sets with highest
variance and was generated to display the transcriptome data structure across in vivo and in vitro replicates. Each point represents one
experiment (data from one microarray). Cultivated hepatocytes were
harvested at the beginning of the exposure period (T0) and after 24-h
exposure to test compounds (Exp) and solvent (Ctrl). In vivo, rat livers were analyzed 24 h after administration of test compounds (Expr)
or solvent (controls)

(Suppl. Figs.S1B and S2B). In vivo, the distances between
replicates (diﬀerent rats) were relatively small and similar in
all pairs of replicates. In contrast, the distances between replicates in vitro (hepatocytes from diﬀerent rats cultivated on
diﬀerent days) showed a much higher variability. Analysis of
Euclidean distances between all pairs of replicates illustrates
the higher variability in vitro, which ranges from very small
to very large distances; whereas a much narrower range was
obtained in vivo (Fig. 3). Next, to illustrate the inﬂuence
of the test compounds, mean values of the replicates were
calculated (Suppl. Figs. S1C and S2C) and connecting lines
between compound-exposed samples and the corresponding
controls were introduced (Suppl. Figs. S1D and S2D). The
Euclidean distances between all pairs of compound-exposed
samples and corresponding controls in vitro were larger for
the high concentrations compared to the middle and low
concentrations (Fig. 4). Finally, controls were subtracted
from the corresponding compound-exposed samples (Suppl.
Figs. S1E and S2E). In vitro, the controls from the same
six-well dishes (on each dish three wells were compound
exposed while three further wells were solvent controls)
were exclusively used as a reference. Subtraction of the sixwell dish-matched controls resulted in only a single cluster
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(Suppl. Fig. S1E; left panels) compared to the scenario with
several clusters before subtraction (Suppl. Fig. S1A), which
probably resulted from experimental batch eﬀects.
The in vivo experiments included various exposure periods (6 h–14 days). Because of the large number of rats, treatment of animals was performed in diﬀerent experimental
series. To decide how to subtract controls, a variance analysis was performed, which identiﬁed the parameters ‘experimental series’ and ‘exposure period’ as strong factors of
inﬂuence. Therefore, ‘experimental series’ and ‘exposure
period’-matched controls were subtracted for analysis of the
in vivo data (Suppl. Fig. S2E, right panels).

Diﬀerentially expressed genes per compound

Fig. 3 Reproducibility between replicates. Boxplots of the pairwise
Euclidean distances between replicates for all test conditions. The
gray and the green points illustrate the distances of the controls and
exposed samples, respectively. The grey lines at the right side of the
boxes represent means and standard deviations of both controls and
exposed samples. (Color ﬁgure online)

Based on the above-described assignment of controls (sixwell dish matched for in vitro data; matched for exposure
period and experimental series in vivo), the number of differentially expressed genes per test compound was identiﬁed
after false discovery adjustment for multiple testing. The
number of up- or downregulated genes varied widely for
the individual test compounds (Fig. 5a). Compounds with
less than 30 up- or down-regulated genes were named ‘lowproﬁle compounds’ (eight compounds); correspondingly,
compounds deregulating 30 or more genes are deﬁned as
‘high-proﬁle compounds’ (Table S13). A similar result was
obtained in the exclusivity analysis (Fig. 6a). This analysis identiﬁes the 100 strongest up- or downregulated genes
across all compounds (most extreme fold changes), followed
by the assignment of each of the 100 top genes to the compound with the highest fold change (compounds are ‘matchwinners’ per gene). With the low-proﬁle compounds only
one gene was observed for few compounds in the exclusivity
analysis (Fig. 6a) (except for AFB1, ETH and PRAZ—all
low-proﬁle compounds scored with zero), which means that
the compounds that deregulate few genes also cause smaller
expression changes (in relation to that caused by compounds that deregulate more genes) for those (few) genes.
For the in vivo data, no clear relationship between exposure
period and the number of up- or down-regulated genes was
observed (Fig. 5b). Approximately 13% of the substances
tested in vivo were low-proﬁle compounds (Fig. 5b), which
scored with one (CFX, MDA) to zero genes in the exclusivity analysis (Fig. 6b). Combining the in vitro and in vivo
low-proﬁle compounds resulted in 11 individual compounds.

Concentration dependency of gene deregulation

Fig. 4 Reproducibility between control and compound-exposed samples. Boxplots of the Euclidean distance between all pairs of triplicates for all test conditions. ‘Low’, ‘middle’, and ‘high’ indicate the
distances between controls and exposed samples in vitro. 1–14 days
indicate the exposure periods in vivo

Concentration dependency of the in vitro data was illustrated
using Venn diagrams (representative examples in Fig. 7).
CFX and 2-NF are examples of two compounds with a plausible concentration progression, where most of the genes
up- or downregulated at a lower concentration were also
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Fig. 5 Number of signiﬁcantly up- or down-regulated genes for the
individual test compounds. a In vitro; b in vivo. The x-axis lists all
chemicals that were tested at the indicated concentration (illustrated
by green color) or exposure period (illustrated by orange color).

The y-axis gives the number of up- or downregulated genes with at
least 1.5-, 2.0-, and 3.0-fold change and adjusted p value ≤ 0.01 corresponding to the light, middle and dark colors, respectively. (Color
ﬁgure online)
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Fig. 6 Exclusivity analysis of the deregulated genes. This analysis
ﬁrst determines the 100 strongest up- or downregulated genes across
all compounds. Next, these genes were assigned to the compound
with the most extreme fold change (only genes with adj.p.BH ≤ 0.01
are considered in the ranking). a In vitro (dark green-colored bar
plot). b In vivo (dark orange-colored bar plot); the correspond-

ing light-colored bar plots indicate whether the top-ranking genes
meet the following criteria: > 1.5-fold with adj.p.BH ≤ 0.01. The
x-axis lists only those compounds that contributed at least once to
the strongest genes in the ranking of all probe sets (a 31,099 and b
15,923 probe sets). (Color ﬁgure online)
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Fig. 7 Concentration dependency of the in vitro data shown for representative examples. Orange-colored Venn diagrams show the overlap between genes that are upregulated at the low, middle and high

concentrations (> 1.5-fold with adj.p.BH ≤ 0.01); green-colored Venn
diagrams summarize the downregulated genes (> 1.5-fold downregulation with adj.p.BH ≤ 0.01). (Color ﬁgure online)

deregulated at higher concentrations (Fig. 7). A frequently
observed constellation was that only the highest tested concentration resulted in strong gene expression responses,
as illustrated for AlAl (Fig. 7). However, it is important
to consider that implausible concentration progressions
were also observed. An extreme example is DEHA, where
a large number of genes were deregulated upon treatment
with the middle but not the highest concentration (Fig. 7).
Experimental errors or sample mix-up may represent possible explanations. Because of these limitations in the data
quality, it is important to apply an evaluation strategy that
searches for commonalities within data sets and generates
conclusions that do not depend on individual data subsets
of speciﬁc compounds. For this purpose, the selection value
concept was recently introduced (Grinberg et al. 2014).
A gene with a selection value of n indicates that at least
n of the tested compounds up- or downregulate this gene at
the indicated test condition. Therefore, working only with,
for example, selection value 3 (SV3) genes improves the
robustness of the analysis. A prerequisite for the success
of the selection value strategy is that several compounds
act by similar mechanisms, which leads to deregulation of
overlapping gene sets. If this is the case, the selection value
helps to exclude random expression changes due to, e.g.,
technical issues or sample mix-up and to focus on common
changes induced by many compounds. An alternative would

be to simply exclude problematic data; however, it may
become very diﬃcult to deﬁne adequate exclusion criteria.
Therefore, using the selection value strategy is an easy to
handle technique to study if data sets are of low quality but
nevertheless contain robust expression changes. Selection
value analysis of all compounds tested in vitro and in vivo
showed that the number of SV3 genes was still higher than
100 for up- or downregulated genes at the highest tested
in vitro concentration (Fig. 8) and was, therefore, used for
further analysis.

In vitro–in vivo overlap in the data set
In subsequent analyses, we studied whether the overlap between in vitro- and in vivo-deregulated SV3 genes
is higher than randomly expected. For this purpose, the
recently established overlap ratio (Shinde et al. 2017) was
calculated, which considers the number of genes in both
evaluated groups (here, genes deregulated in vivo and
in vitro) and the total number of analyzed genes. An overlap ratio of 1.0 corresponds to a randomly expected result,
while a ratio of, for example, 2.0 indicates that genes were
two times enriched compared to random expectation. The
signiﬁcance of overrepresentation was calculated by Fisher’s exact test. The overlap ratio of the upregulated in vitro
and in vivo genes was 5.9 (p < 0.001) and 2.8 (p < 0.01)
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Fig. 8 Selection values of the up- and downregulated genes (>|1.5|fold down- or upregulation and adj.p.BH ≤ 0.01). A selection value
of, e.g., three, means that at least three compounds upregulate the

indicated genes at the speciﬁc test condition. a In vitro (green-colored
bar plots); b in vivo (orange-colored bar plots). (Color ﬁgure online)

for the up- and downregulated genes, respectively (Fig. 9).
Although the in vitro–in vivo overlap was clearly more than
random, it should be considered that the majority of genes
were nevertheless in the non-overlapping region, indicating
substantial diﬀerences between the in vitro and in vivo situation (Fig. 9). All genes that were identiﬁed in the overlap of
the in vitro and in vivo experiments are listed in Table S11,
together with the information on the number of compounds
that deregulated each individual gene.

done for the NRW data set was also performed for the TGP
data (Suppl. Figs. S3–S6). In addition, the selection value
concept was applied as similarly done for the NRW data
set (Suppl. Fig. S6), and genes deregulated by at least three
compounds were included into the in vitro–in vivo overlap
analysis (Fig. 10a). Although the in vitro–in vivo overlap
ratios were smaller compared to the NRW data, they still
were highly signiﬁcant with p values smaller than 0.001.
The identiﬁed in vitro–in vivo overlap genes are listed in
Table S10.

Data structure of the TGP dataset
Identiﬁcation of a consensus gene set
TGP (TG-GATES) is a publicly available genome-wide
data set, which includes data from experiments that were
conducted in rats in vivo, and in cultivated hepatocytes testing the same compounds. An overview of the tested compounds and test conditions is given in Table S3 (in vivo)
and Table S4 (in vitro). A similar analysis pipeline that was

Both the NRW and the TGP datasets had signiﬁcantly overlapping SV3 genes that were inﬂuenced by the test compounds in vitro and in vivo, which provided the opportunity
to compare the genes obtained from both datasets (strategy
in Fig. 1). Twenty-three of the 77 upregulated and 22 of the
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A
n(In vitro)

Overlap rao

O

77 ∗ 10044
354 ∗ 369

Answer

Formula

How strongly are in vitro genes (over)represented amongst in vivo genes?

Overlap rao

O ∗ n(Gene universe)
n(In vitro ) ∗ n(In vivo )

Is there a signiﬁcant overlap of in vitro
and in vivo genes?

Fischer’s exact test

*<0.05
**<0.01
***<0.001

Remaining genes

Example of calculaon of
Overlap rao:
5.921 =

Key queson
n(In vivo)

2.817 =

98 ∗ 10044
1072 ∗ 326

B

Fig. 9 Overlap of genes deregulated by the same compounds in vitro
and in vivo. a Principle of the overlap ratio. b Venn diagrams showing the overlap between the in vitro and in vivo consensus SV3 genes
of the NRW dataset. The consensus SV3 NRW genes were obtained
by the association of the SV3 gene lists of the individual test conditions, i.e., the in vitro SV3 consensus list summarizes the genes that
are up- or downregulated by at least three of the compounds at the

low, middle or high concentration; the in vivo SV3 consensus list
summarizes the genes that are up- or downregulated by at least three
of the compounds for at least one of the exposure periods (d1, d3, d7
or d14). The overlap ratio was calculated by the formula given in the
rightmost column in the table in a; 77 (98) SV3 genes are up(down)regulated in both the rat liver (in vivo) and primary rat hepatocytes
(in vitro) (in vitro/in vivo consensus SV3 NRW genes)

98 downregulated in vitro–in vivo overlap genes identiﬁed in
the NRW dataset were conﬁrmed in the TGP data (Fig. 10b).
This degree of overlap is remarkable considering that diﬀerent test compounds were studied in both datasets, with only
ﬁve common substances. The results suggest the existence
of a stereotypical or consensus gene expression response in
rat hepatocytes in vitro and in vivo (Fig. 10b).
The subsequent goal was to identify the smallest possible
set of genes from the NRW–TGP overlap which, in combination, would ‘cover’ as many compounds as possible (‘highcoverage gene set’). A compound is considered ‘covered’
by a gene set, if it up- or downregulates at least one of the
genes of the set (here, one deregulated gene is suﬃcient,
because only genes with selection values of 3 or higher are
used). In this gene coverage analysis, only the high-proﬁle
compounds were considered. To identify the ‘high-coverage
gene set’, the individual gene that is deregulated by most of

the test compounds is initially identiﬁed. Subsequently, the
next ranking gene is added so that both are deregulated by
as many compounds as possible, and so on. These ‘highcoverage genes’ diﬀered between the two data sets. In the
NRW data set, only ﬁve upregulated genes (Aldh1a1, Gdf15,
Cdkn1a, Cyp1a1, and Plk2) were suﬃcient to cover 16 of
the 21 high-proﬁle compounds within this data set (Fig. 11,
left panel). Two genes (Aldh1a1 and Gdf15) were suﬃcient
to identify 13 compounds, and the addition of each further
gene only allowed for the identiﬁcation of one additional
compound each (Fig. 11, left panel). A similar scenario was
obtained for the TGP data set, where only one gene (Cyp1a1)
overlapped with the top-ranking genes in the NRW data set
(Fig. 11, middle panel). The number of high-proﬁle compounds covered by the top genes in TGP (n = 7) was lower
compared to NRW. Finally, the combined NRW–TGP data
sets were analyzed to identify the top-ranking high-coverage
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Fig. 10 Overlap analysis of the in vitro and in vivo consensus SV3
genes in TGP and identiﬁcation of mutual genes in the NRW and
TGP data sets. a Overlap of the in vitro- and in vivo-consensus SV3
genes for the TGP data set. The same technique was used as for
the NRW data set in Fig. 9. b Overlap between the consensus SV3
TGP genes (140; 186) and the consensus SV3 NRW genes (77; 98).
Orange- and green-colored Venn diagrams show the overlap between

the up- and downregulated genes (SV3 TGP genes: > threefold
in vitro and with adj.p.BH ≤ 0.01 in vivo vs. consensus SV3 NRW
genes: > 1.5-fold and adj.p.BH ≤ 0.01); 23 (22) TGP consensus
SV3 genes out of 77 (98) NRW consensus SV3 genes are up(down)regulated in both the rat liver (in vivo) and primary rat hepatocytes
(in vitro) and in both datasets (consensus SV3 genes). (Color ﬁgure
online)

genes (Fig. 11, right panel; Table S8). A mutual feature of all
three analyses in Fig. 11 is that the top-ranking upregulated
genes in the TGP allowed coverage of a higher number of
compounds than the top-ranking downregulated genes.

high-coverage genes is also altered by compounds not represented in the NRW and TGP data sets. To address this
question, the seven top-ranking upregulated genes of the
combined data set were chosen (Cyp1a1, Ugt2b1, Cdkn1a,
Mdm2, Aldh1a1, Cyp4a3, Ehhadh) for follow-up analysis of further compounds using qRT-PCR. It is arbitrary
that exactly seven genes were selected; yet increasing the
gene number would only moderately improve coverage but
increase the workload. Six structural analogues of valproic acid (VPA) (2-ethylhexanoic acid, 2-ethylbutyric acid,
2-ethyl-1-hexanol, 4-ene-valproic acid, 4-pentenoic acid and
pivalic acid) were used to treat cultivated rat hepatocytes in

Analysis of the seven-gene set with independent
compounds
The ranking approach of the previous paragraph (Fig. 11)
was performed to identify genes with the highest coverage of
compounds in the NRW and TGP data sets. Therefore, it is
of interest to determine whether expression of the identiﬁed
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Fig. 11 ‘High-coverage genes’ and the number compounds. First, the
gene is identiﬁed that is deregulated by most of the test compounds
(indicated by ‘1’ on the x-axis); subsequently, the next ranking gene
is added so that both genes are deregulated by as many compounds

as possible (indicated by ‘2’ on the x-axis), and so on. Orange color
indicates the top-ranking up- and green the top-ranking downregulated genes. The analysis was performed for the NRW (left), TGP
(middle) and the combined (left) data sets. (Color ﬁgure online)

addition to the parent compound. While VPA was included
into the TGP data set, the six analogues were not present in
either the TGP or the NRW data sets. All tested VPA analogues caused a clear increase in the expression of at least
one of the seven genes, although the spectrum and intensity
of induction diﬀered among the compounds (Fig. 12; raw
data: Table S14).

Moreover, the variability (deﬁned by the distance between
replicates) of the in vitro data was more heterogeneous
compared to the in vivo experiments. This suggests that the
homeostatic control in vivo is more eﬃcient compared to
what is possible in the applied in vitro sandwich culture
system. Proﬁling of concentration progression as previously
described by Grinberg et al. (2014) indicated suboptimal
data quality in parts of both data sets. To nevertheless allow
for the identiﬁcation of the most reliable genes that fulﬁl
the criteria (1) similar response in vivo and in vitro, and (2)
coverage of as many test compounds as possible, the selection value (SV) concept was used (Grinberg et al. 2014).
Here, analysis was based on SV3 genes, which means that
only those genes that were up- or downregulated by three
or more compounds were considered for further analysis.
The number of genes in the overlap of in vitro- and in vivoderegulated genes was 5.9 times (up) and 2.8 times (down)
enriched compared to random expectation, based on the
calculation of overlap ratios as recently established (Shinde
et al. 2017). Nevertheless, comparing genes deregulated
in vitro and in vivo showed that the larger fraction of genes
does not fall within the overlap. This observation conﬁrms
previous studies that identiﬁed major diﬀerences in gene
expression of hepatocytes due to the isolation and cultivation
process and due to the absence of non-parenchymal cells of
the liver in the in vitro system (Zellmer et al. 2010; Heise
et al. 2012; Ghallab 2015) and diﬀerent responses to external stimuli (Godoy et al. 2009, 2010). In vitro cultivation
induces upregulation of an inﬂammation/RNA processing
and migration/cell cycle-associated gene cluster and downregulation of genes corresponding to mature liver functions
(Godoy et al. 2016). However, the more than random overlap of compound-induced genes demonstrates that there
are some genes showing similar treatment-induced gene

Discussion
In the present study, a set of genes was identiﬁed which
show similar expression responses (up- or downregulation)
in vitro in cultivated rat hepatocytes and in the liver of rats
after exposure in vivo. This analysis is based on a relatively
large number of compounds (n = 162) that have been studied
in vivo and in vitro in genome-wide expression analyses
stored in two databases, representing the NRW and the TGP
data sets. Genome-wide expression data have been generated
in the present study—the NRW dataset (GSE119933)—from
cultivated hepatocytes treated with 29 chemicals, while the
corresponding in vivo data were already available (EllingerZiegelbauer et al. 2008, GSE68110). TGP represents a public data set which contains in vitro data from cultivated
hepatocytes and livers from rats that were exposed to the
same compounds. Only ﬁve compounds from both data
sets (NRW and TGP) overlap. Analysis of data structure
and quality was performed similar to a previous publication
(Grinberg et al. 2014).
One of the striking features observed upon comparing
in vitro and in vivo data is that Euclidean distances (as a
measure of the extent of overall gene expression alteration)
between exposed samples and controls are larger in rat livers in vivo compared to in vitro-cultivated hepatocytes.
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chosen, because they ranked top among the upregulated genes from
the combined NRW and TGP data sets
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Fig. 12 (continued)

expression deregulations in vitro and in vivo. This leads
to the diﬃcult situation that some genes respond similarly
in vitro and in vivo, while others respond diﬀerently. Interpretation of in vitro data from cultivated rat hepatocytes
should, therefore, consider to which of the two groups (in
vivo similar versus in vivo dissimilar) a gene up- or downregulated by a test compound belongs. It is apparent that
genes with clear in vivo–in vitro diﬀerences in response to
chemicals should be avoided.
A relevant result of this study is the very large similarity
obtained in the two independent data sets, NRW and TGP.
In both data sets, in vitro–in vivo consensus genes could
be identiﬁed as described in the previous paragraph. Notably, the in vivo–in vitro consensus genes of both data bases
showed an overlap 21.4 times (upregulated genes) and 12.1

times (downregulated genes) higher than randomly expected.
This is remarkable since only ﬁve test compounds were
common to both data sets. The results suggest that a set of
consensus or stereotypical response genes exists, which (1)
show similar responses (in term of up-or downregulation
after test compound exposure) in hepatocytes in vitro and
liver in vivo, and (2) show a high coverage, meaning that the
same genes are up- or downregulated by a large number of
diﬀerent chemicals.
For practical purposes, it is important to know the fraction of compounds that are covered by the aforementioned
consensus or stereotypical response genes. A cumulative analysis demonstrates that the seven top genes cover
approximately 50% of the compounds in the NRW and
approximately 19% in the TGP data set. However, it should
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be considered that the TGP data set in particular contains a
relatively high fraction of ‘low-proﬁle compounds’, which
deregulate no or only small numbers of genes. This may be
explained by experimental errors in one (or more) of the
replicates, which cause outliers and consequently lead to a
lack of statistical signiﬁcance. Moreover, the selected doses
or test compound concentrations may have been too low for
these compounds, which may also explain the lack of a clear
gene expression response. Therefore, the coverage by the
seven-gene set may be higher for compounds and exposure
conditions that cause strong gene expression changes.
An important question is whether the expression of the
identiﬁed top-ranking genes (Fig. 11) is also inﬂuenced by
compounds not included in the NRW and TGP data sets.
To study this question, six structural analogues of valproic
acid were chosen. Valproic acid itself had been included
in the TGP, but not the six analogues. The seven highcoverage genes of the combined NRW and TGP data sets
were analyzed by RT-PCR. For this analysis, we focused on
the upregulated genes because it is technically easier and
more speciﬁc to demonstrate increased expression, whereas
decreased RNA levels may be due to initial cytotoxic eﬀects.
Interestingly, all analyzed analogues of valproic acid clearly
induced at least one of the seven top-ranking genes. Currently, read-across techniques, where data-poor compounds
of interest are compared to structurally related, data-rich
compounds, represent an intensive ﬁeld of research in regulatory toxicology (Leist et al. 2017). One core component
of a read across is to not only study whether the compounds
assessed together are structurally and pharmacokinetically
similar, but also to show a toxicological/biological similarity. The case study of valproic acid presented here suggests
that the identiﬁed top-ranking genes seem to be applicable
for the comparison of VPA analogues. One conclusion of the
read-across case study in Fig. 12 is that none of the studied
analogues is inactive with respect to the induction of at least
one gene within the seven-gene set; however, pivalic acid
and 4-pentenoic acid are less active than valproic acid, while
the eﬀects of, e.g., 2-ethylhexanoic acid and 4-ene-VPA are
similar to those of the parent compound. It remains to be
studied, whether these diﬀerences in expression changes correspond to adverse eﬀects of the VPA analogues.
In conclusion, the genes of the seven-gene set identiﬁed here are induced by a wide range of diﬀerent chemicals and respond similarly in vitro and in vivo. However, genome-wide expression analysis in rat hepatocyte
sandwich cultures remains a complex challenge since
many genes are deregulated by the hepatocyte isolation
and cultivation process, respond diﬀerently in vivo and
in vitro, and expression data in vitro show a relatively
high variability compared to in vivo experiments with the
same compounds. These limitations need to be taken into
account when gene signatures like the one extracted here

from in vivo and in vitro databases are used for a comparative toxicological characterization of compounds in vitro.
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