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Drug-induced hepatotoxicity is a major issue for drug develop-

ment, and toxicogenomics has the potential to predict toxicity

during early toxicity screening. A bead-based Illumina oligonucle-

otide microarray containing 550 liver specific genes has been

developed. We have established a predictive screening system for

acute hepatotoxicity by analyzing differential gene expression

profiles of well-known hepatotoxic and nonhepatotoxic com-

pounds. Low and high doses of tetracycline, carbon tetrachloride

(CCL4), 1-naphthylisothiocyanate (ANIT), erythromycin estolate,

acetaminophen (AAP), or chloroform as hepatotoxicants, clofi-

brate, theophylline, naloxone, estradiol, quinidine, or dexametha-

sone as nonhepatotoxic compounds, were administered as a single

dose tomale Sprague–Dawley rats. After 6, 24, and 72 h, livers were

taken for histopathological evaluation and for analysis of gene

expression alterations. All hepatotoxic compounds tested gener-

ated individual gene expression profiles. Based on leave-one-out

cross-validation analysis, gene expression profiling allowed the

accurate discrimination of all model compounds, 24 h after high

dose treatment. Even during the regeneration phase, 72 h after

treatment, CCL4, ANIT, and AAP were predicted to be hepato-

toxic, and only these three compounds showed histopathological

changes at this time. Furthermore, we identified 64 potential

marker genes responsible for class prediction, which reflected

typical hepatotoxicity responses. These genes and pathways,

commonly deregulated by hepatotoxicants, may be indicative of

the early characterization of hepatotoxicity and possibly predictive

of later hepatotoxicity onset. Two unknown test compounds were

used for prevalidating the screening test system, with both being

correctly predicted.We conclude that focused genemicroarrays are

sufficient to classify compounds with respect to toxicity prediction.

Key Words: gene expression changes; toxicogenomics; early pre-

diction; screening model; Illumina microarray; rat in vivo model.

Toxicology testing is central for the safety of drug de-
velopment candidates. Indeed, adverse drug effects are still
a major reason for drug withdrawal from the market. Hence,
new powerful techniques are needed to improve the detection

of potentially toxic compounds from the drug development
process earlier. Toxicogenomics, which makes use of DNA
microarray technologies and measures the expression of
thousands of genes simultaneously, has the potential to
revolutionize toxicology. It has been used as a tool to elucidate
mechanisms and to predict toxicity (Duggan et al., 1999;
Hamadeh et al., 2002). The advanced knowledge of gene
expression patterns together with modern classification algo-
rithms has demonstrated practical benefits for predicting
pathological events and toxic endpoints (Steiner et al., 2004;
Waring et al., 2001). Thus, this gain of information can
potentially reduce the duration of preclinical toxicology studies
and consequently the number of animals needed. Additionally,
regulatory agencies are encouraging the use of modern
molecular techniques, such as animal or computer-based pre-
dictive models and safety biomarkers, to improve predictability
and efficiency from laboratory concept to commercial product.
In fact, the Food and Drug Administration recognizes the
importance in pharmacogenomics and encourages its use in
drug development and has released guidance documents for
submission (http://www.fda.gov/cder/genomics/).

Predictive toxicology relies mainly on class prediction,
whose methods are based on the assumption that gene
expression profiles of known toxins from representative
toxicological classes (model compounds) can predict the
toxicological effects of unknown compounds (UNCs) based
on similarities between gene expression profiles (Maggioli
et al., 2006; Schena et al., 1995). Thus, gene expression data
can provide an early indication of toxicity because toxin-
mediated changes in gene expression are often detectable
before clinical chemistry, histopathology, or clinical observa-
tions (Ulrich and Friend, 2002).

Thomas et al. (2001) published one of the first classification
algorithms used for the accurate prediction of 24 model
compounds based on leave-one-out cross-validation of a large
microarray database. Hamadeh et al. (2002) used discrimina-
tion algorithms to classify blind samples based on a training set
using high-density gene expression profiles. Steiner et al. (2004)
used support vector machine (SVM) to obtain an optimal dis-
crimination between hepatotoxic and nonhepatotoxic compounds
(based on 26 toxic compounds) with their whole genome
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Affymetrix microarray profiles. These studies varied in experi-
mental design (e.g., time of dosage and number of compounds
investigated), but all indicated the potential of toxicogenomics in
predictive toxicological risk assessment.

Due to the demand for cheaper, higher-throughput screen-
ing systems for toxicity testing, as well as the relatively high
costs of high density arrays, the question arises whether
a microarray focused on toxicologically relevant genes could
also be predictive. Therefore, we established an oligonucleo-
tide microarray with 550 genes, chosen based on their known
involvement in hepatotoxicity (published information and
internal Merck KGaA bioinformatic data from previous stud-
ies), to aid in the classification and risk assessment of acute
hepatotoxicity. Our customized focused microarray was de-
signed using the oligonucleotide Sentrix BeadChips (Illumina,
Inc., San Diego, CA) based on the BeadArray technology
(Gunderson et al., 2004; Steemers and Gunderson, 2005).

Due to the fact that the liver is the primary site for drug
metabolism and hepatotoxicity is one of the most frequently
reported human adverse drug reactions, we concentrated on the
prediction of hepatotoxicity. Thus, 12 model compounds,
including six well-known hepatotoxicants, were chosen based
on an extensive literature study, namely carbon tetrachloride
(CCL4), chloroform (CHCL3), both inducers of necrosis and
steatosis (Brattin et al., 1985; Minami et al., 2005; Wang et al.,
1997; Weber et al., 2003; Yamamoto et al., 2006),
1-naphthylisothiocyanate (ANIT) a well-known cholestasis
inducer (Krell et al., 1982; Mehendale et al., 1994; Orsler
et al., 1999), the antibiotics tetracycline (TET), and erythro-
mycin estolate (EE) which cause steatosis and cholestasis,
respectively (Amacher and Martin 1997; de Longueville et al.,
2003; Fromenty and Pessayre, 1995; Garcia Monzon et al.,
1985; Venkateswaran et al., 1998; Yamamoto et al., 2006), and
the drug acetaminophen (AAP), a well-known hepatotoxicant
causing liver necrosis (James et al., 2003; Minami et al., 2005;
Prescott, 1980; Yamamoto et al., 2006). As nonacute rodent
hepatotoxicants the drugs clofibrate (CF) (peroxisome prolif-
erator–activated receptor [PPAR-a] agonist) (Corton et al.,
2000; Richert et al., 2003; Yadetie et al., 2003), theophylline
(THEO) (diuretic), naloxone (NLX) (analgesic), estradiol (E2)
(estrogen), quinidine (QUIN) (antiarrhythmic), and dexameth-
asone (DEX) (corticosteroid) were chosen.

The primary goal of the current paper was to determine
whether gene expression based on a relative small set of genes
could discriminate between animals acutely treated with various
model compounds known to cause hepatotoxicity or with
nonhepatotoxic compounds at different time points and dose
levels. Such a discriminatory model maybe used for the early
characterization of potential hepatotoxicants and maybe for the
prediction of chronic hepatotoxic endpoints. Above all,
in respect to the 3Rs concept, this would mean significant
reduction in animal usage due to the performance of shorter-
term studies for the early classification of novel untested
compounds.

MATERIALS AND METHODS

Animal Treatment

Tissue samples, used for transcription profiling, were derived from studies

using albino Sprague–Dawley rats (Crl:CD) treated by single intraperitoneal

injection with test compounds and were obtained from an external tissue bank

(PHASE-1 Santa Fe, NM). All studies were performed according to Good

Laboratory Praxis (GLP). Briefly, male Sprague–Dawley rats approximately

10–11 weeks old were maintained on certified rodent chow (PMI Feeds Inc.,

Purina Mills, Richmond, IN) and tap water ad libitum in individual stainless

steel cages at a 12-h light/12-h dark period. Treatment was conducted at two

dose levels: (1) a maximum tolerated dose (MTD) level (high dose [hd]), which

was chosen based on clear signs of toxicity with little or no lethality (published

and unpublished information) and (2) around ¼ of the MTD level (low dose

[ld]). The following test compounds were chosen: TET 50 mg/kg (ld) or 150

mg/kg (hd), ANIT 15 mg/kg (ld) or 60 mg/kg (hd), THEO 25 mg/kg (ld) or 100

mg/kg (hd), NLX 45 mg/kg (ld) or 180 mg/kg (hd), QUIN 25 mg/kg (ld) or 100

mg/kg (hd), DEX 8 mg/kg (ld) or 30 mg/kg (hd), CHCL3 0.25 ml/kg (hd) (all

prepared in saline), CCL4 0.25 ml/kg (ld) or 1 ml/kg (hd), CHCL3 0.1 ml/kg

(ld) (both prepared in corn oil), EE 40 mg/kg (ld) or 160 mg/kg (hd), CF 75 mg/

kg (ld), or 250 mg/kg (hd) (both prepared in 8%polyethylene glycol/8%

ETOH), E2 0.1 mg/kg (ld) or 0.4 mg/kg (hd) (prepared in 5% ETOH), or AAP

250 mg/kg (ld) or 1000 mg/kg (hd) (prepared in water). Control groups were

treated with vehicle only. Three rats were used for each treatment, control

group or time point, and sacrificed at 6, 24, or 72 h. Livers were taken for

histopathological evaluation (by PHASE 1 Molecular Toxicology, Inc.) and

remaining liver tissues were snap frozen in liquid nitrogen, stored at � 80�C,

and transferred to our laboratory for further analysis.

Histopathology

Histopathological examinations of the liver section from all animals of the

72-h groups, stained with hematoxylin and eosin, were conducted by PHASE 1,

Inc. The observed liver alterations were scored and categorized (Table 2).

RNA Isolation and Analysis

Total RNA from liver samples (50–90 mg) was isolated using TRI

REAGENT (Sigma-Aldrich Inc., St Louis, MO) according to the manufacture’s

instruction. In addition, after the ethanol precipitation step in the extraction

procedure, a cleanup step using the QIAGEN RNeasy Mini kit columns

(Qiagen GmbH, Hilden, Germany) was performed to obtain a better yield for

later in vitro transcription labeling. The quality of total RNA was checked by

gel analysis using the total RNA Nano chip assay on an Agilent 2100

Bioanalyzer (Agilent Technologies GmbH, Berlin, Germany). RNA concen-

trations were determined using the NanoDrop spectrophotometer (NanoDrop

Technologies, Wilmington, DE).

Probe Labeling and Illumina Sentrix BeadChip array Hybridization

Biotin-labeled cRNA samples for hybridization on custom Illumina Sentrix

BeadChip arrays (Illumina, Inc.) were prepared according to Illumina’s re-

commended sample labeling procedure based on the modified Eberwine

protocol (Eberwine et al., 1992). In brief, 500 ng total RNA was used for

complementary DNA (cDNA) synthesis, followed by an amplification/labeling

step (in vitro transcription) to synthesize biotin-labeled cRNA according to the

MessageAmp II aRNA Amplification kit (Ambion, Inc., Austin, TX), with the

following modifications requested by Illumina: standard reactions were cut

down to ¼ size, separate annealing step of the T7 oligo(dT) primer was omitted

(single step of the first-strand cDNA synthesis), and cleanup columns were

replaced. QIAquick PCR Purification kit and QIAGEN RNeasy Mini kit

(Qiagen), used according to the manufacture’s recommendations, were used

for cDNA purification (elution with water instead of the kits EB buffer) and for

cRNA purification (eluted two times with 50 ll of water), respectively. Biotin-

16-UTP was purchased from PerkinElmer Life and Analytical Sciences, Boston,

MA. Due to a reduced amount of standard reactions, total RNA and purified
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cDNA were dried down and then dissolved in synthesis solutions. The column-

purified cRNA was quality controlled using the messenger RNA (mRNA)

Nano Chip Assay on an Agilent 2100 Bioanalyzer and spectrophotometrically

quantified (NanoDrop).

Five hundred nanograms of amplified biotin-labeled cRNA was then

prepared in a solution of 45% (vol/vol) Hyb E1 buffer (Illumina, Inc.) and

25% (vol/vol) deionized formamide (Ambion, Inc.) at a final concentration of

25 ng/ll. After preheating at 65�C for 5 min the cRNA samples were hybridized

with the Sentrix BeadChips in a BeadChip Hyb Cartridge for 18 h at 55�C
(Hybaid Maxi 14 hybridization oven, Thermo Electron Corporation, Waltham,

MA). After hybridization, the Sentrix BeadChips were washed for 15 min on an

orbital shaker in 250 ml of 0.3% (vol/vol) Wash E1BC buffer (Illumina, Inc.)

solution and then blocked for 5 min in 4 ml of 1% (wt/vol) Blocker Casein in

phosphate buffered saline, Hammarsten grade (Pierce Biotechnology, Inc.,

Rockford, IL). Array signals were developed by a 10-min incubation in 2 ml of

1 lg/ml Cy3-streptavidin (Amersham Biosciences, Buckinghamshire, UK)

solution and 1% blocking solution. The BeadChips were washed a second time

in diluted Wash E1BC buffer for 5 min, dried immediately after removal by

centrifugation at 2753 g for 4 min at 25�C, and scanned.

Focused Illumina BeadChip microarray Analysis

Data acquisition. The focused Sentrix Illumina BeadChips, with each

BeadChip comprising eight microarrays on a glass slide, were scanned at a

wavelength of 532 nm and 5-lm resolution on the GenePix 4000B Microarray

Scanner (Axon Instruments Inc., Union City, CA; Molecular Devices

Corporation, Sunnyvale, CA). Images were captured with the GenePix Pro

5.0 software (Axon, Molecular Devices Corporation) according to the

manufacture’s instructions. Due to the random nature of the assembled

microarrays all spots in the image were aligned with a de-code map (result

of the manufacturers decoding process, delivered with each focused Illumina

microarray) containing the positions of all 50,000 randomly assembled microbe-

ads on the array and the identities of the probes found on those beads (Galinsky,

2003; Gunderson et al., 2004). The decoding process, which uses a molecular

address, is part of the array manufacture procedure and provides a quality control

for all elements of every array (Gunderson et al., 2004). Subsequently, bead

signal intensity extraction, using the imaging and data extraction software, AnEx

(Illumina, Inc.), was performed prior to further analysis. The focused Illumina

microarrays contain about 1500 unique probe sequences (Probe ID), or bead

types (two 50 mer oligonucleotide probes/gene), corresponding to 550 annotated

rat genes and several control genes (Gene ID). Each probe sequence is

represented by approximately 30 beads on each array and each bead contains

more than 105 copies of unique covalently attached oligonucleotide probes

(Gunderson et al., 2004; Steemers and Gunderson, 2005). Using AnEx, the

intensities of all beads (~30) were condensed to an average intensity value per

probe ID and then further condensed to one signal intensity value per Gene ID.

This is associated with a detection p value calculated from the background,

characterized by the chance that the target sequence signal was distinguishable

from the negative controls. Gene IDs with detection values > 0.99 were

designated as reliable.

Array quality. Focused Illumina microarray quality was determined by

image viewing and incorporated control bead analysis (housekeeping, hybrid-

ization, signal generation, and background). Arrays with overall intensity

outliers from the majority of arrays (caused by poor hybridization conditions or

poor imaging) were excluded from further analysis. Fourteen housekeeping

genes were used to check the intactness of the biological sample. Hybridization

controls covering (1) three concentrations (low, medium, and high) of Cy3-

labeled oligonucleotides present in the Hyb E1 buffer were used to yield

a gradient hybridization response signal independent of both the cellular RNA

quality and success of the sample preparation reactions (six probes), (2) Cy3-

labeled probes, including a mismatch oligonucleotide with two single base

changes (each), to control for nonspecific hybridization (four probes), and

(3) Cy3-labeled oligonucleotide target with a high G–C content to check the

stringency grade (one probe). Two probes with complementary biotin-tagged

oligonucleotides present in the Hyb E1 buffer were used to control for signal

generation. Negative controls consisting of 20 probes of random sequences

selected to have no corresponding targets in the rat genome were used to define

a background signal, representing the image system background as well as any

signal resulting from nonspecific binding of dye or cross-hybridization.

Normalization. Quality controlled focused Illumina microarrays were

‘‘chip-wise’’ normalized using the rank invariant algorithm (Kuhn et al.,

2004) and resulting data further analyzed using the Expressionist Analyst

software (GeneData, Basel, Switzerland). Briefly, a second normalization of all

microarrays over all gene signal intensities based on the arithmetic mean was

performed. Comparative analysis between control and treated samples was

done separately for each individual compound, including fold change (average

signal intensity treated/average signal intensity control) and a significance

value (p value), calculated using a two-tailed, unpaired t-test. A p value less

than 0.05 was accepted as significant. In addition, the false discovery rate

(FDR, Benjamini–Hochberg q value) was determined and included into Table 3

to improve the relevance of these significantly deregulated genes.

Modeling/classification. For SVM classification, implemented in the cross-

validation tool of Expressionist Analyst software, only normalized intensity values

of the treated samples were considered. The samples were categorized as either

hepatotoxic or nonhepatotoxic and further subcategorized into the time and dose.

A linear kernel and a penalty of 10 were chosen as the parameters for the SVM

algorithm. The leave-one-out cross-validation scheme with 12 repeats (represent-

ing the number of compounds) was used for a robust discrimination. Genes for

final discrimination between hepatotoxicity and nonhepatotoxicity were identified

by gene ranking analysis of variance (ANOVA). Molecular functions of the genes

were individually annotated by using the classification schemes in Gene Ontology,

KEGG database (keg.org), and MetaCore 3.1 software (GeneGO, Inc., St

Joseph, MI).

Real-time PCR

All RNA samples from the hd 24-h animals and their corresponding time-

matched vehicle controls were used to verify 13 genes (Table 1) with different

biological functions, chosen from the pool of discriminative genes. Since

classification models for discrimination analysis do not primarily select either

significant and/or genes with pronounced fold changes from either hepatotox-

icants or nonhepatotoxic compounds as discriminative gene, the acute phase

gene Metallothionein 1a (Mt1a) was added as it showed distinct deregulation

by many of the compounds (similar to a positive control). Two housekeeping

genes, 18S ribosomal RNA (rRNA) and B2m, were run in parallel.

cDNA synthesis and analysis. One microgram total RNA was reverse

transcribed to cDNA using random hexamer primers with the first-strand cDNA

synthesis kit for reverse transcription-PCR (RT-PCR) avian myeloblastosis virus

reverse transcriptase (Roche, Mannheim, Germany) according to the manufac-

turer’s instructions. The quality and quantity of cDNAwas determined using the

Agilent Bioanalyzer 2100 together with the mRNA Pico Assay (Agilent Tech-

nologies, Waldbronn, Germany) according to the manufacturer’s instructions.

TaqMan low density array. Real-time PCR analysis was performed using

TaqMan Low Density Arrays (Applied Biosystems, Darmstadt, Germany).

Real-time PCR primers and probes (‘‘TaqMan Gene Expression Assays’’) for

the rat genes listed in Table 1 were spotted onto a 384-well card (TaqMan Low

Density Array). Eight samples were analyzed per card. Each sample was

measured in triplicate in a single RT-PCR run. Five nanograms of single strand

cDNA, mixed with qPCR Mastermix Plus (Eurogentec, Seraing, Belgium), in

a total volume of 100 ll, was loaded per sample loading port. Thermal cycling

and fluorescence detection were performed on Applied Biosystems ABI Prism

7900HT Sequence Detection System with ABI Prism 7900HT SDS Software

2.1. Forty-five cycles were run with the following parameters: 2 min at 50�C, 10

min at 94.5�C, and for each cycle 30 s at 97�C for denaturation and 1 min at

59.7�C for transcription. Analysis of gene expression values was performed

using the efficiency-corrected comparative CT (threshold-cycle) method,

determining target gene expression relative to either 18S rRNA or B2m

endogenous control expression and relative to the control sample. Real-time
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PCR efficiencies for the above mentioned assays were determined by per-

forming the reaction with a dilution series of cDNA (100, 10, 1, and 0.1 ng per

sample loading port) prepared from control rat liver total RNA. Efficiency

values and gene expression ratios were calculated as previously described by

Tuschl and Mueller (2006).

RESULTS

Animal Testing and Histopathology

After exposure to all nonhepatotoxicants as well as the UNC
B, no histopathological alterations were found. On the other
hand CCL4, ANIT, and AAP showed histopathological
changes 72 h after treatment. CCL4 showed mild liver cell
necrosis at ld that increased to severe liver cell damage
combined with secondary inflammatory and minimal regener-
ative/proliferative effects after hd administration. Histopatho-
logical changes of ANITand AAP were restricted to hd exposure
and consisted of minimal liver cell necrosis. In addition,
ANIT showed minimal secondary inflammatory and regenerative
effects as well as moderate bile duct hyperplasia. The UNC A
showed minimal liver cell necrosis and inflammation at low level
exposure and increased to moderate liver cell damage combined
with mild secondary effects. Histopathology evaluation is
summarized in Table 2.

Principal Component Analysis of Model Compounds

In order to detect acute hepatotoxic effects of model
compounds on the gene expression level, total RNA from rat
livers given a single ld or hd of compound was isolated 6, 24,
and 72 h after administration.

The unsupervised method, principal component analysis
(PCA), is suited to separate natural subpopulations in an

unbiased manner. To determine whether gene expression
could separate samples treated with model hepatotoxic com-
pounds at different time points and dose levels, PCAwas used to
visualize sample distribution. PCA analyses were conducted on
all 550 genes on the microarray. Figure 1 shows all 12
compounds, including, time-matched vehicle controls (yellow),
nonhepatotoxic (blue), and hepatotoxic compounds (others) 6,
24, and 72 h after hd treatment. Distinct separation of most
hepatotoxicants, especially CCL4 and TET, into subclouds
separated from the other experiments (including the time-
matched vehicle controls and nonhepatotoxicants), was observed
after 24 h. Experiments 6 h after low (data not shown) and hd
treatment did not show distinguishable clusters, due to a high
variability in the gene expression data. However, the hepatotox-
icants ANIT and CCL4 were separated from the other experi-
ments even 72 h after hd treatment. It is clear from Figure 1 that
the TET experiments behaved differentially to the others (based
on PCA). Even so, at 24-h TET treated animals showed a differ-
ent gene expression than the corresponding vehicle control
animals. By 72 h this was no longer the case.

Common Effects of Hepatotoxic Compounds

Gene expression profiles of all hepatotoxic and nonhepato-
toxic compounds with a fold change deregulation of more than
1.5 and p < 0.05 were taken to find common significantly
deregulated genes. Only for one condition, 24-h hd treatment,
were five genes found to be deregulated by all six hepatotox-
icants and not by nonhepatotoxicants (Table 3): ATP-binding
cassette subfamily B (MDR/TAP) member 11, flavin contain-
ing monooxygenase (Fmo1), monoamine oxidase (Maob), liver
glycogen phosphorylase (Pygl), and thioredoxin reductase
(Txnrd1). The carbohydrate metabolism enzyme, Pygl, and

TABLE 1

Genes Present on the TaqMan LowDensity Array with their Respective TaqMan Gene Expression

Assay Numbers and RefSeq Numbers

Gene symbol Gene name

TaqMan gene expression

assay number RefSeq number

Abcb1 ATP-binding cassette, subfamily B (MDR/TAP), member 1 Rn00561753_m1 NM_012623

Acly ATP citrate lyase Rn00566411_m1 NM_016987

B2m beta-2 Microglobulin Rn00560865_m1 NM_012512

Cat Catalase Rn00560930_m1 NM_012520

Fmo1 Flavin containing monooxygenase 1 Rn00562945_m1 NM_012792

Gadd45a Growth arrest and DNA damage–inducible 45 alpha Rn00577049_m1 NM_024127

Gstm3 Glutathione S-transferase, mu type 3 Rn00579867_m1 NM_031154

Igfbp1 Insulin-like growth factor binding protein 1 Rn00565713_m1 NM_013144

Lbp Lipopolysaccharide binding protein Rn00567985_m1 NM_017208

Mt1a Metallothionein Rn00821759_g1 NM_138826

Otc Ornithine transcarbamylase Rn00565169_m1 NM_013078

Pygl Liver glycogen phosphorylase Rn00573974_m1 NM_022268

S100a9 S100 calcium binding protein A9 (calgranulin B) Rn00585879_m1 NM_053587

Stat3 Signal transducer and activator of transcription 3 Rn00562562_m1 NM_012747

Timp1 Tissue inhibitor of metalloproteinase 1 Rn00587558_m1 NM_053819
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the xenobiotic metabolism Phase 1 enzymes, Fmo1, and Maob,
were significantly downregulated by 2–3, 2–10, or 1.6–3 fold.
Abcb11, which is involved in transporter activity, was signif-

icantly downregulated by all hepatotoxicants except for ANIT
which showed significant diametrical regulation of 1.8-fold.
The oxidative stress enzyme, Txnrd1, was significantly

TABLE 2

Histopathological Findings at 72 h for All Compounds (Conducted by the Company PHASE 1, Inc.)

Compound

Compound

symbol Dose level Necrosis Inflammation

Regeneration/

proliferation

Bile duct

hyperplasia

Hepatotoxic compounds

Acetaminophen AAP 250 mg/kg (ld) nad. nad. nad. nad.

1000 mg/kg (hd) 1 nad. nad. nad.

1-Naphthylisothiocyanate ANIT 15 mg/kg (ld) nad. nad. nad. nad.

60 mg/kg (hd) 1 1 1 3

Carbon tetrachloride CCL4 0.25 ml/kg (ld) 2 nad. nad. nad.

1 ml/kg (hd) 5 2 1 nad.

Chloroform CHCL3 0.25 ml/kg (ld) nad. nad. nad. nad.

0.5 ml/kg (hd) nad. nad. nad. nad.

Erythromycin estolate EE 40 mg/kg (ld) nad. nad. nad. nad.

160 mg/kg (hd) nad. nad. nad. nad.

Tetracycline TET 50 mg/kg (ld) nad. nad. nad. nad.

150 mg/kg (hd) nad. nad. nad. nad.

Nonhepatotoxic compounds

Clofibrate CF 75 mg/kg (ld) nad. nad. nad. nad.

250 mg/kg (hd) nad. nad. nad. nad.

Dexamethasone DEX 8 mg/kg (ld) nad. nad. nad. nad.

30 mg/kg (hd) nad. nad. nad. nad.

Estradiol E2 0.1 mg/kg (ld) nad. nad. nad. nad.

0.4 mg/kg (hd) nad. nad. nad. nad.

Naloxone NLX 45 ml/kg (ld) nad. nad. nad. nad.

180 mg/kg (hd) nad. nad. nad. nad.

Quinidine QUIN 25 mg/kg (ld) nad. nad. nad. nad.

100 mg/kg (hd) nad. nad. nad. nad.

Theophylline THEO 25 mg/kg (ld) nad. nad. nad. nad.

100 mg/kg (hd) nad. nad. nad. nad.

UNCs

Unknown compound A UNC A 0.2 ml/kg (ld) 1 1 nad. nad.

0.8 ml/kg (hd) 3 2 1 nad.

Unknown compound Ba UNC B ld nad. nad. nad. nad.

hd nad. nad. nad. nad.

aNotes. Findings after 24 h

Abbreviations: Severity Scoring: nad., nothing abnormal detected; 1, minimal; 2, mild; 3, moderate; 4, massive; 5, severe.

FIG. 1. PCA, a standard technique for visualization of complex data to get a first impression of the data distribution of each experiment and their global

relationship/similarity to one another, shows all 12 compounds, including, time-matched vehicle controls (yellow), nonhepatotoxic (blue), and hepatotoxic

compounds 6, 24, and 72 h after hd treatment.
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upregulated by hepatotoxic compounds except for EE, which
showed a small but significant downregulation 24 h after hd
treatment.

Discrimination between Hepatotoxic and Nonhepatotoxic
Compounds

Leave-one-out cross-validation (via SVM) using all 550
genes was performed for all normalized treated samples from
all 12 compounds to distinguish between hepatotoxic and
nonhepatotoxic model compounds. In Figure 2, tile plots show
that 6 h after hd administration several compounds were
misclassified (misclassification rate 58.3%). However, 24 h
after hd treatment gene expression profiles allowed the correct

classification of all compounds. After 72 h all nonhepatotoxic
compounds were correctly predicted and three of the hepato-
toxic compounds were predicted to be nonhepatotoxic (mis-
classification rate 25%). Only AAP, ANIT, and CCL4 were
predicted to be hepatotoxic 72 h after administration. Gene
expression profiles obtained from ld administration of all 12
compounds were incorrectly predicted at all time point (mis-
classification rates of 66.7% [6 h], 50% [24 h], and 66.7% [72 h]
were obtained).

Gene Ranking Analysis

The ANOVA ranking method analysis was used to achieve
a gene set which was responsible for the correct

TABLE 3

Common Genes Significantly Deregulated by all Hepatotoxicants but not by Nonhepatotoxicants after 24-h

hd Treatment (Fold Change 1.5 and p < 0.05)

Hepatotoxic compounds

Gene description RefSeq Symbol TET CCL4 ANIT EE AAP CHCL3

Carbohydrate metabolism

Liver glycogen phosphorylase NM_022268 Pygl �3.5þþþ �3.2þþþ �3.1þþ �2.5þþþ �3.2þþ �1.8þ

Oxidative stress

Thioredoxin reductase NM_031614 Txnrd1 2.0þþþ 2.6þþþ 1.7þþþ �1.5þþ 6.5þ 2.3þþþ

Xenobiotic metabolism/Phase 1

Flavin containing monooxygenase 1 NM_012792 Fmo1 �2.9þþþ �10.7þþþ �3.9þþþ �2.0þþ �4.7þ �4.8þþþ

Monoamine oxidase B NM_013198 Maob �1.6þþþ �3.2þþþ �1.7þþþ �1.9þþþ �1.8þ �1.6þþ

Xenobiotic metabolism/Phase 3

ATP-binding cassette, sub-family B

(MDR/TAP), member 11 (synonym:

bile salt export pump)

NM_031760 Abcb11 (Bsep) �1.8þþþ �2.6þþþ 1.8þþþ �1.5þ �3.1þþ �1.8þþ

Note. The FDR of these genes are rated and marked with ‘‘þ’’ for q < 0.1, ‘‘þþ’’ for q < 0.01, ‘‘þþþ’’ for q < 0.001.

FIG. 2. Tile plots of 12 model compounds classified according to hepatotoxicity and nonhepatotoxicity 6, 24, and 72 h after hd treatment using leave-one-out

cross-validation via SVM. Cross-validation output with an affinity level where the larger a value is, the higher is the affinity of the particular experiment toward the

respective group (scale, green ¼ high affinity) and the classification marker indicates the class (hepatotoxic [blue]/nonhepatotoxic [gray]) to which the compound

was assigned.
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discrimination between hepatotoxic and nonhepatotoxic model
compounds 24 h after hd treatment (see ‘‘Discrimination
Between Hepatotoxic and Nonhepatotoxic Compounds’’).
The best performance concerning the optimal gene set with
a misclassification rate of 0% (with which to perform the
classification) was reached with a classifier based on 64 genes.
In Table 4 the top-scoring 64 genes are described.

Verification of Illumina Gene Expression Data with
Quantitative Real-Time PCR

Quantitative real-time PCR was used to verify the Illumina
microarray data collected in this study. For a direct comparison,
liver RNA from the same animals as used for Illumina micro-
array hybridization was used. Mean expression ratios of all
samples from identically treated animals (three biological
replicates) versus time-matched vehicle controls were com-
pared between Illumina microarray and TaqMan Low density
array technology platforms.

In Figure 3, the gene expression changes of the 24-h samples
from hd CCL4-treated rats are shown as an example and data
from all 12 compounds summarized in parentheses in Table 4.
The real-time PCR expression patterns of the 14 genes, chosen
for verification, matched the expression patterns obtained from
the Illumina microarray hybridization for all compounds
confirming the Illumina gene expression results.

Verification of the Predictive Screening Test System by Two
Unknown Compounds

The possibility that gene expression profiles could classify
an UNC was tested using the aforementioned model com-
pounds as a training set. Samples derived from rats acutely
exposed to two UNCs, A and B, for 24 h were taken for gene
expression analysis on Illumina microarrays and then com-
pared to the model previously described. UNC A was predicted
to be hepatotoxic, UNC B as nonhepatotoxic (Fig. 4). As UNC
A bromobenzene was used, an industrial chemical, which is
known to cause hepatotoxicity by induction of liver necrosis
(Heijne et al., 2004; Lau and Monks, 1988). The histopatho-
logical findings of UNC Awere scored and categorized (Table 2).
Bromobenzene showed minimal liver damage at the ld level that
increased to moderate liver cell necrosis with mild secondary
effects after hd treatment. UNC B was an internal Merck KGaA
compound, which did not show abnormal histopathological
changes on day 1 (Table 2). According to the study design, UNC
B was dosed daily for 14 days, and livers showed histopatho-
logical changes, including massive bridging liver necrosis with
inflammatory bile duct lesions, only after 14 days.

DISCUSSION

The main focus of this study was to determine whether gene
expression of a relatively small set of genes, known or
suspected to be involved in hepatotoxicity, could discriminate

between known hepatotoxic and nonhepatotoxic compounds.
The ultimate goal would be to establish a predictive system for
acute hepatotoxicity. Twelve compounds were evaluated at 6,
24, and 72 h and the expression profiles of the six hepatotox-
icants could be differentiated from the six nonhepatotoxicants.
By using bioinformatic cross-validation approaches and gene
ranking analysis, characteristic genes were extracted and func-
tionally classified. Only samples after hd administration showed
predictive results. Ld treatment showed no discriminative pat-
terns, which correlated well with the histopathological obser-
vations in these animals.

Effects of Hepatotoxic Compounds

All six hepatotoxic compounds showed individual gene
expression profiles, reflecting compound-specific differences
at the molecular level (data not shown). After 24-h hd treatment
only five genes were commonly deregulated by these hepato-
toxicants. The xenobiotic metabolism enzyme Fmo1 increases
solubility and thereby ensures rapid excretion of xenobiotics
(Eswaramoorthy et al., 2006). Its downregulation may contribute
to hepatotoxicity due to lack of elimination and emphasizes the
importance of xenobiotic metabolism. The downregulation of
Maob, which catalyzes the oxidative deamination of biogenic and
xenobiotic amines (Zhou et al., 1995), further supports this. The
differences in fold change levels of these commonly deregulated
genes can also be a sign that different maximal toxic time points
exist, for example, 6 h for CCL4 and 12 h for AAP (Minami et al.,
2005). The carbohydrate metabolism enzyme Pygl, was down-
regulated by all hepatotoxicants indicating a decrease in glyco-
genolysis, since it catalyzes the first step in glycogen degradation
(Bollen et al., 1998). This could indicate a lack of resourcing
energy, correlating with depleted glycogen stores which is seen
histopathologically. Txndr1 is involved in protecting cells from
oxidative stress (Deroo et al., 2004; Neumann et al., 2003). Its
upregulation indicates the generation of reactive oxygen species,
potentially contributing to DNA and protein damage. Txnrd1 is
known to be upregulated by typical hepatotoxicants such as
bromobenzene, thioacetamide, CCL4, and AAP (Minami et al.,
2005; Moto et al., 2005) and is a sign of general cytotoxicity
in the liver. Abcb11 plays a major role in the hepatobiliary
excretion of bile salts (Strautnieks et al., 1998). Downregula-
tion by hepatotoxicants could result in severe hepatic effects,
including intrahepatic cholestasis (Hirano et al., 2006) and
hepatic steatosis (Figge et al., 2004).

Discrimination of Hepatotoxicants and Nonhepatotoxicants

Some of the nonhepatotoxicants also showed unique pro-
files. For example, CF is well-known to cause hepatocarcino-
genesis (Baldwin et al., 1980; Corton et al., 2000), however,
in our short-term study CF was expected and shown to be
nonhepatotoxic. At the gene expression level only typical
PPAR-a–mediated responses were observed (Corton et al.,
2000; Richert et al., 2003).
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TABLE 4

Top-Scoring Gene Set with Fold Regulations (Illumina Microarray) Responsible for the Correct Discrimination between Hepatotoxic

and Nonhepatotoxic Model Compounds 24 h after hd Treatment

Hepatotoxic compounds Nonhepatotoxic compounds

Gene description RefSeq Symbol Ranking TET CCL4 ANIT EE AAP CHCL3 CF THEO NLX E2 QUIN DEX

Acute phase

Lipopolysaccharide

binding protein

NM_017208 Lbp** 16 8.2 (9.1) 3.7 (3.5) 13.1 (7.0) 16.6 (13.4) 2.1 (2.2) 4.5 (2.3) �1.1* (�1.1) 4.3 (4.6) 1.6 (�1.2) �1.0* (�1.7) 3.4 (2.4) 1.1* (�1.7)

Clusterin NM_053021 Clu 30 1.2 1.8 1.3 1.0* 1.2 1.3 �1.1* 1.3 1.1* �1.1* 1.1* �1.4

Alpha(1)-inhibitor

3, variant I

NM_023103 Mug1 41 �1.3 �1.5 �1.5 �1.1* �1.2 �1.3 1.1 �1.2 �1.2 �1.1* 1.0* �1.2

Apoptosis

Tumor necrosis

factor receptor

superfamily,

member 1a

NM_013091 Tnfrsf1a 2 2.1 1.4 2.1 1.6 1.6* 1.3 �1.1* 1.1* �1.2 1.0* �1.2 �1.3

v-myc avian

myelocytomatosis

viral oncogene

homolog

NM_012603 Myc 19 5.5 16.8 5.0 1.3 5.4 2.8* 1.2* �1.6 1.5 �1.5* �2.1 �1.8

Carbohydrate metabolism

Liver glycogen

phosphorylase

NM_022268 Pygl** 1 �3.5 (�4.8) �3.2 (�3.5)�3.1 (�4.6) �2.5 (�4.9) �3.2 (�4.6)�1.8 (�4.4) �1.4 (�1.4) �1.3 (�1.4) �1.4 (�2.2) 1.1* (1.2) �1.2 (�1.4) 1.2 (�1.6)

Aldolase A NM_012495 Aldoa 21 1.8 4.5 2.1 1.0* 1.9* 2.7 �1.6* 1.1* �1.1* 1.1 1.2 1.5

Pyruvate kinase,

liver and RBC

NM_012624 Pklr 38 �23.2 �7.2 �5.6 �13.3 �9.7 �4.7* �3.6 �6.8 �4.4 1.2* �2.7 �1.1*

Glucokinase NM_012565 Gck 39 �1.1* �3.4 �2.5 �5.2 �1.8* 2.0 �1.5* 2.1 �1.1* 1.1* 1.4* 1.6

Cell cycle progression

Cyclin G1 NM_012923 Ccng1 62 3.6 14.5 1.9 1.0* 1.4* 2.6 �1.6 �1.1* �1.0* �1.0* �1.1* 1.4

Cell survival and proliferation

Insulin-like growth

factor binding

protein 1

NM_013144 Igfbp1** 4 101.3 (202.1) 40.0 (26.2) 10.5 (16.9) 6.9 (9.9) 26.1 (70.1) 4.6* (56.9) 10.7 (20.6) �1.8* (1.2) �1.0* (�2.1)�1.7* (�1.5)�2.0* (1.1) 1.8 (1.1)

Fibrinogen, beta

polypeptide

NM_020071 Fgb 17 1.4 1.2 1.3 1.9 1.6 1.1* 1.2 1.2 �1.1* �1.0* 1.2 �1.3

Ornithine

decarboxylase 1

NM_012615 Odc1 18 3.4 3.7 2.2 �1.3* 1.8 2.5 �1.4 1.1* 1.1* 1.2 �1.2* 1.7

Lectin, galactose

binding, soluble 3

NM_031832 Lgals3 43 3.8 21.6 3.0 3.4 1.0* 7.3 �1.6* 1.5 1.5 1.1* 1.4* �1.1

Thioredoxin NM_053800 Txn 47 1.1 1.7 1.4 �1.4* 1.6 2.2 �1.4 1.0* 1.3 1.2* 1.0* 1.0*

Tissue inhibitor of

metalloproteinase 1

NM_053819 Timp1** 49 5.3 (11.0) 8.0 (7.5) 4.8 (6.0) 3.6 (6.9) �1.7* (2.8) 7.7 (33.5) �1.4* (�1.1) 2.1 (3.0) 1.6 (2.4) 1.3* (1.6) 2.1 (4.2) 1.6* (�1.3)

Prothymosin alpha NM_021740 Ptma 60 1.9 3.0 1.9 1.0* 1.2* 2.3 1.1* �1.6 �1.3 1.3 �1.5 �1.2*

Cell–cell signaling

Fatty acid

desaturase 1

NM_053445 Fads1 59 �12.6 �10.8 �1.0* �1.7 �13.0 �1.7 �1.1* �1.3* 1.0* 1.2* 1.3* �3.3

Gap junction

membrane channel

protein beta 1

NM_017251 Gjb1 64 �1.2* �4.4 �1.5 �1.1* �1.3 �1.3 1.0* �1.0* �1.1* 1.1* �1.0* �1.3
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Hepatocellular carcinoma

S100 calcium-

binding protein A9

(calgranulin B)

NM_053587 S100a9** 5 6.2 (14.3) 9.4 (7.6) 2.8 (3.2) 9.1 (17.3) 2.6 (56.5) 3.6 (12.0) �1.6* (�1.1) 3.1* (2.8) 1.2* (1.1) �1.1* (�1.2) 2.5 (1.5) �2.1 (�7.0)

Calumenin

NM_022535 Calu 8 1.8 2.4 2.8 1.3 1.2 1.6 �1.4* 1.3 �1.4* 1.1* 1.1* 1.5

S100 calcium-

binding protein A8

(calgranulin A)

NM_053822 S100a8 26 6.5 17.6 4.9 14.2 2.2* 13.4 �1.7* 2.1* �1.2* 1.3* 1.1* �1.6*

Lipid metabolism

ATP citrate lyase NM_016987 Acly** 14 �5.7 (�9.0) �3.5 (�4.8)�4.0 (�4.4) �3.2 (�4.7) �8.4 (�9.9)�3.2* (�3.9)�3.6 (�5.8) �2.2* (�1.1)�2.2 (�2.5) 1.1* (1.6) �2.2* (�1.3)�1.5 (�2.8)

Lipoprotein lipase NM_012598 Lpl 25 3.1 6.9 2.1 2.8 �1.0* 4.1 1.9 1.3* �1.9* 1.4 �1.1* 1.4*

Acyl-CoA

synthetase

long-chain

family member 1

NM_012820 Acsl1 28 �1.6 �3.6 �2.6 �1.1 �2.2 �1.7 �1.0* 1.0* 1.0* 1.1* 1.0* �1.6

Acetyl-coenzyme A

dehydrogenase,

medium chain

NM_016986 Acadm 52 �1.9 �3.1 �1.5 �2.0 �1.7 �1.2 1.3 �1.5 �1.1* �1.0* �1.4 �1.2

Lipase, hepatic NM_012597 Lipc 53 �2.8 �3.1 �1.4 �1.8 �2.8 �1.7 �1.6 �2.0 �1.4 1.0* �1.4 �1.6

Fatty acid synthase NM_017332 Fasn 56 �32.8 �7.7 �3.0* �13.6 �14.0 �2.4* �6.3 �4.0* �4.8 1.0* �1.8* 1.5

Fatty acid binding

protein 1

NM_012556 Fabp1 63 �1.2 �1.4 �1.1 1.1 �1.4 �1.5 1.1* 1.1 �1.1* 1.1* 1.1* �1.4

Oxidative stress/DNA damage response

Growth arrest and

DNA damage–

inducible 45 alpha

NM_024127 Gadd45a** 9 4.7 (6.8) 10.8 (12.9) 3.5 (3.0) 1.7 (2.1) 2.6* (4.4) 1.8 (4.0) �1.5* (�1.6)�1.3* (�1.1) 1.5 (�1.1) �1.2* (�1.1) 1.1* (�1.1)�1.9 (�3.3)

Apurinic/

apyrimidinic

endonuclease 1

NM_024148 Apex1 32 2.1 3.1 1.6 �1.6 1.9* 2.1 �1.4 �1.4 �1.2 1.6 �1.2* �1.0*

Tumor protein p53 NM_030989 Tp53 33 2.4 2.3 1.1 �1.3 1.0* 1.6 �1.1* �1.1 �1.5 1.4 �1.3 �1.1

B-cell translocation

gene 2, anti-

proliferative

NM_017259 Btg2 42 4.7 4.1 4.0 2.0 �1.1* 2.4 1.9* �1.2* �1.0* 1.1* �1.0* �1.2*

DNA damage–

inducible

transcript 3

NM_024134 Ddit3 54 10.0 10.9 1.5 1.1 2.0 2.2 �1.2* 1.1* �1.4* 1.7 �1.2* �1.0*

Oxidative stress/protein damage response

Cathepsin L NM_013156 Ctsl 10 3.2 3.5 2.1 1.2 1.6 2.2 1.1* �1.2 1.3 1.0* 1.1* 1.3

Serine protease

inhibitor

NM_012657 Spin2b 11 �4.3 �3.6 �1.3 �1.9 �1.9 �2.5 1.3 �1.4 �1.1 1.2 �1.0* �1.0*

Heat shock 70-kDa

protein 1A

NM_031971 Hspa1a 24 5.3 25.5 8.0 �1.1* 18.3 14.3 �1.7* 1.5* 1.1* 1.1* �1.2* 1.7

Oxidative stress

Catalase NM_012520 Cat** 35 �4.1 (�3.0) �5.6 (�5.0)�2.1 (�2.6) �1.4 (�2.3) �1.7 (�3.3)�1.3 (�2.4) 1.0* (�1.1)�1.3* (�1.1) 1.2 (�1.0) �1.2 (�1.0) 1.0* (�1.9)�2.4 (�4.8)

Glutathione

peroxidase 1

NM_030826 Gpx1 55 �1.8 �2.2 �1.4 �1.9 �4.0 �1.9 �1.2 �1.7 �1.1* �1.0* �1.1* �2.0

Regeneration

Fibrinogen, alpha

polypeptide

NM_001008724 Fga 13 2.4 �1.0* 4.7 4.3 1.9 1.4 1.0* 1.2 �1.1* �1.1* 1.6 �1.6*

Signal transduction/transcription factor

Signal transducer

and activator

of transcription 3

NM_012747 Stat3** 22 5.5 (5.7) 2.4 (1.4) 3.0 (3.0) 3.8 (4.0) 2.3 (1.1) 1.2* (2.9) 1.5* (1.4) 1.5* (1.4) 1.4* (�1.1)�1.1* (�1.1) 1.2* (1.7) 1.2* (�1.5)
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TABLE 4—Continued

Hepatotoxic compounds Nonhepatotoxic compounds

Gene description RefSeq Symbol Ranking TET CCL4 ANIT EE AAP CHCL3 CF THEO NLX E2 QUIN DEX

Membrane

interacting protein

of RGS16

NM_032615 Mir16 37 1.5 3.2 2.2 1.3 2.1 1.5 1.1* 1.2* 1.7 �1.1* 1.1* �2.3

Sterol regulatory

element binding

factor 1

XM_213329 Srebf1 40 �1.6 �6.9 �7.2 �4.0 �7.7 �1.1* �2.1 �2.6 �1.7 1.1* �1.1* �1.3*

I-kappa-B-beta NM_030867 Nfkbib 45 1.5 2.8 2.2 �1.2 1.2 1.6 �1.1* 1.0* �1.0* 1.2 �1.1* �1.0*

Tissue organization

Keratin complex 1,

acidic, gene 18

NM_053976 Krt1-18 3 1.9 1.9 2.9 1.5 1.3* 2.8 �1.6 1.3* 1.1* 1.1* �1.2* �1.0*

Keratin complex 2,

basic, gene 8

NM_199370 Krt2-8 7 1.7 2.6 2.6 1.0* 1.2* 3.7 �1.5 1.5 1.1* �1.3 �1.1* �1.3

Intercellular

adhesion

molecule 1

NM_012967 Icam1 12 1.6 1.6 1.7 1.1* �1.6* 1.9 �3.1 �1.4* �1.2* �1.2* �1.2* �1.5

Carcinoembryonic

antigen-related cell

adhesion molecule 1

NM_031755Ceacam1 50 1.0* �2.7 �1.4* �1.7 �1.5 1.0* 1.1* �1.5 1.1* 1.0* 1.5 1.1

Urea cycle

Ornithine

transcarbamylase

NM_013078 Otc** 29 �4.1 (�4.2) �7.8 (�24.4) �1.7 (�2.5)�2.0 (�3.1) �2.7 (�7.7) �1.8 (�5.2) �1.1* (�1.1)�1.5 (�1.2) �1.1 (�1.6) �1.1* (1.3) �1.2 (�1.4) �1.6 (�3.5)

Argininosuccinate

lyase

NM_021577 Asl 51 2.6 2.0 1.4 1.0* 1.4* 2.6 1.0* �1.3 1.1* �1.0* 1.1* 1.1*

Xenobiotic metabolism/Phase 1

Monoamine

oxidase B

NM_013198 Maob 6 �1.6 �3.2 �1.7 �1.9 �1.8 �1.6 �1.1* 1.0* 1.0* �1.1* �1.2 �1.1

Cytochrome P450,

subfamily IID3

NM_173093 Cyp2d3 15 �3.1 �3.8 �1.3 �2.0 �1.5 �1.3 1.1* �1.1 1.2* 1.1 �1.1* �1.1*

3-Hydroxyisobutyrate

dehydrogenase

NM_022243 Hibadh 23 �1.8 �3.0 �1.5 �1.3 �1.7 �1.1 1.1* �1.3 1.1* �1.2 1.1 1.1

Aldehyde

dehydrogenase

family 3,

subfamily A2

NM_031731 Aldh3a2 31 �2.3 �3.4 �1.3* �2.0 �1.6 �1.2 �1.2* �1.1* 1.0* �1.0* �1.2* �1.1*

Flavin containing

monooxygenase 1

NM_012792 Fmo1** 34 �2.9 (�23.5)�10.7 (�1062.8)�3.9 (�7.5)�2.0 (�1.5) �4.7 (�32.0)�4.8 (�77.6) 1.0* (2.1) �1.7* (�1.2)�1.2* (�1.8)�1.1* (�1.1)�1.4* (�1.0)�1.1* (�2.5)

Diaphorase 1 NM_138877 Dia1 48 �2.8 �3.1 �2.1 �2.8 �1.8 �1.5* �1.6 1.0* 1.6* �1.1* �1.2 �1.8

Xenobiotic metabolism/Phase 2

Glutathione S-

transferase, mu

type 3 (Yb3)

NM_031154Gstm3** 46 �12.7 (�11.0)�33.1 (�62.9) �2.2 (�3.0)�3.3 (�5.0) �4.4 (�14.5)�2.6 (�6.4) �1.1* (�1.2)�1.8 (�1.0) �1.3 (�2.6) �1.3 (�1.6) �1.3 (1.2) �2.2 (�3.7)

Xenobiotic metabolism/Phase 3

Solute carrier family

2,member 1

NM_138827 Slc2a1 20 1.8 6.9 2.2 1.4* 1.7 2.5 �1.3* �1.4* 1.4* �1.4* �1.2* 1.1*

ATP-binding

cassette, sub-family

B (MDR/TAP),

member 1

NM_012623Abcb1** 27 34.2 (83.6) 107.4 (299.6) 4.2 (9.8) 3.3 (6.3) 10.4 (40.3) 47.8 (1738.3) 2.0* (2.6) 1.1* (1.8) 4.3 (26.0) �2.0* (1.0) 1.5* (2.2) �1.2* (�7.0)
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A subset of genes was defined that allowed an accurate
prediction of hepatotoxicity. This was seen in particular 24 h
after hd treatment, reflecting the time point where most
pronounced and characteristic deregulations occurred. At 6 h
the high misclassification rate (58.3%) can probably be
attributed to early stress responses caused by intraperitoneal
dosing, immune responses, and animal handling. At 72 h, the
model correctly classified only three of the hepatotoxic
compounds. This may be an indication of the regeneration
effects that have occurred after a single treatment (Mehendale,
2005). The PCA showed that most compounds moved toward
the main cluster, suggesting similar gene expression profiles.
This is probably due to effective removal of the substance via
metabolism and excretion, allowing the liver to recover. The
three compounds, AAP, ANIT, and CCL4, predicted to be
hepatotoxic after 72 h, reinforces the severity of hepatotoxicity
of these compounds. Their distinct lasting effects on gene
expression correlated very well with the histopathological
findings taken at 72 h (only these three compounds showed
changes). Interestingly, ANIT was predicted to be hepatotoxic
only after 24 and 72 h and at 6 h was predicted to be
nonhepatotoxic. This is consistent with the publication of
Orsler et al. (1999) who showed that histopathological changes
after administration of ANIT to rats were observed only after
10–15 h. AAP was correctly predicted to be hepatotoxic at all
time points, which emphasizes the fact that AAP is a potent,
acute hepatotoxicant. This study is in concordance with Huang
et al. (2004), who demonstrated that a dose of 4500 mg/kg
AAP induced a distinct gene expression profile, which related
directly to its hepatotoxicity.

The most distinct gene expression changes were observed
after CCL4 exposure. This corresponds very well with the
severe liver cell damage with secondary inflammation and
regenerative/proliferation effects, which was seen histopatho-
logically. The data support the fact that the estimated maximal
toxic time point, based on gene expression profiles, was 6 h
(Minami et al., 2005).

General Comments to the Predictive Test System for
Hepatotoxicants

It is worth noting that to establish this screening system, outbred
rats were used to deliberately reflect the biological variance of
animals within a certain range of genetic polymorphisms. This
reflects better the normal human situation. Furthermore, the
predictive test system demonstrated a certain robustness since
the discrimination between hepatotoxic and nonhepatotoxic
compounds was possible regardless of the different hepatotoxic
characteristics (cholestasis, steatosis, or necrosis). The use of
leave-one-out cross-validation on the one hand and the consider-
ation that the data set of a model compound is composed of
biological replicates (technical replicates were condensed) on the
other hand indicate a robust test system, suggesting a potential
application in the prediction of untested compounds.
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Top-Scoring Genes for Class Prediction after 24 h

Twenty-four hours after hd treatment the best discrimination
between hepatotoxicants and nonhepatotoxicants was achieved
by the leave-one-out cross-validation method. Sixty-four genes
(Table 4) were found to be responsible for this class prediction
and reflected typical hepatotoxicity responses. The rank order
is characterized by genes with different biological function/
toxicological relevance. The top-scored gene Pygl was signif-
icantly downregulated only by hepatotoxicants corroborating
the suggestion that Pygl could be an appropriate hepatotoxicity
safety marker. The second highest scoring gene, tumor necrosis
factor receptor superfamily member 1a (Tnfrsf1a), plays an
important role in apoptosis by mediating TNF-a signaling,
whose overexpression in acute disease states can lead to liver
injury (Mohammed et al., 2004; Volpes et al., 1992; Yamada
et al., 1998). Keratin complex 1 acidic gene 18 (Krt1-18) forms
intermediate filaments in liver (Oshima et al., 1996). Disrup-
tion or absence of keratins in the liver can lead to mild hepatitis
and increased sensitivity to hepatotoxins (Baribault et al.,
1994; Ku et al., 1996). Caulin et al. (2000) found that increases
inKrt1-18 can resist TNF-induced apoptosis, suggestingKrt1-18
is involved in liver regeneration.

In general, the top-scoring genes showed the most pro-
nounced deregulation in many biological categories, such as
Phases 1 and 2 xenobiotic metabolism, lipid metabolism, and
cell proliferation. Disturbances in lipid metabolism occurred
by downregulation of genes such as ATP citrate lyase (Acly),
which has an important role in supplying acetyl-CoA for both
cholesterogenesis and lipogenesis (Pearce et al., 1998). There-
fore, the lipid biosynthesis level in the liver is low, suggesting
low energy resources which may contribute to the pathogenesis
of liver damage (Beigneux et al., 2004). The DNA damage
response gene, Gadd45a is typically upregulated by hepato-

toxicants (Bartosiewicz et al., 2001), which is in concordance
with our data. The insulin-like growth factor binding protein 1
(Igfbp1) modulates insulin-like growth factor, which plays an
essential role in the regulation of metabolism, growth, and
development. Igfbp1 has been shown previously to be upregu-
lated after acute liver injury (Scharf et al., 2004), again
confirming the relevance of our highest ranked genes.

Prediction of Two UNCs

The model created was used to predict the hepatotoxicity of
two UNCs. UNC A was predicted to be hepatotoxic, which
correlated well with the histopathological findings, a good
prevalidation of our test system. The second UNC, UNC B, was
predicted to be nonhepatotoxic, which correlated well with the
lack of histopathological changes observed at 24 h. Classifica-
tion analysis based on our 24-h model was able to predict UNC

FIG. 4. Classification analysis tile plot of the prediction of two UNCs,

A and B, according to hepatotoxicity and nonhepatotoxicity 24 h after hd

treatment based on a training set precomputed by 12 model compounds. UNC

A was predicted to be hepatotoxic, UNC B as nonhepatotoxic. Classifier output

with an affinity level where the larger a value is, the higher is the affinity of the

two UNCs toward the respective group (scale, green ¼ high affinity) and the

classification marker indicates the class (hepatotoxic [red]/nonhepatotoxic

[orange]) to which the two UNCs were assigned.

FIG. 3. Expression pattern of 14 genes determined by Illumina microarray

(first column) and RT-PCR (second column) 24 h after CCL4 hd treatment.

Genes are described in Table 3.
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B to be hepatotoxic after 14 days of daily dosing (data not
shown). This indicates that gene expression was affected by the
compound after repeated dosage but not by a single dose.

In conclusion, we have presented evidence that the accurate
discrimination between acute hepatotoxic compounds and non-
hepatotoxicants, based on their gene expression profiles was
possible 24-h postadministration. A prevalidation with two
UNCs showed that the model we created was able to predict
acute hepatotoxicants. The use of this model for more chronic,
repeat-dose toxicity is still unclear. Preliminary data from UNC
B suggest that the model can predict hepatotoxicity at 2 weeks.
Therefore, further work is needed to elucidate hepatotoxicity
signatures for other endpoints (e.g., repeated dose, other organ
toxicity, and other species) and time points. Regarding the
relatively small set of genes we conclude that focused gene
microarrays are sufficient to classify compounds with respect
to acute hepatotoxicity.

SUPPLEMENTARY DATA

Supplementary data are available online at http://toxsci.
oxfordjournals.org/.
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