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Biotechnology advances have provided novel methods for the risk assessment of chemicals.

The application of microarray technologies to toxicology, known as toxicogenomics, is

becoming an accepted approach for identifying chemicals with potential safety problems.

Gene expression profiling is expected to identify the mechanisms that underlie the potential

toxicity of chemicals. This technology has also been applied to identify biomarkers of toxicity

to predict potential hazardous chemicals. Ultimately, toxicogenomics is expected to aid in risk

assessment. The following discussion explores potential applications and features of the

Japanese Toxicogenomics Project.
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1 Introduction

Today, in the post-genomic era, there have been remarkable

advances in the technology of drug development. Drug

development in the previous century was usually based on

screening the effects of chemicals in model animals with

artificially created diseases; subsequently, it sometimes

happened that an excellent drug was produced not for

humans, but for rats. In recent years, however, it has been

possible to start the development process by targeting

disease-related genes whose molecular functions are well

elucidated, and indeed, human genes are always available.

Therefore, it is now easy to select a chemical that is effective

on the human molecule on at least the in vitro level. Even

with this advantage, many candidate drugs have been

eliminated because of toxicity that could not be found in pre-

clinical tests in the early stage of drug development; rather,

the toxicity became apparent at the later stage of drug

development, such as during long-term toxicity studies for

animal models and after several stages of clinical trials [1].

In extreme cases, serious adverse effects emerge even after

the drugs are widely distributed on the world market. A top

priority should be the solution of this paradox; i.e. how to

predict ‘‘unpredictable’’ toxicity. The response of the

organism to the toxicant that subsequently causes patholo-

gical changes in certain organs with a low dose should be

detectable as changes in the expression of genes, protein

synthesis, and metabolism. Of these changes, the expression

of genes, or the amount of mRNA, is the most sensitive

measure and one of the largest advantages in the technology

of genomics. Therefore, toxicogenomics, which enables us

to comprehensively analyze gene expression changes caused

by an external stimulus in a specific organ, is considered to
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be one of the most powerful strategies. In particular, the

identification of predictive biomarkers for drug-induced

toxicity at or before the pre-clinical stages of drug develop-

ment is of great importance to pharmaceutical companies.

2 Current status of worldwide
toxicogenomics database creation

To appropriately interpret the microarray data, it is desirable

to perform comparative analyses with data obtained from

prototypical toxicants. Moreover, toxicogenomics studies are

built on standard toxicology studies, and one goal of toxi-

cogenomics is to detect relationships between changes in

gene expression and toxicological end-point data, such as

histopathology, clinical chemistry, and other toxicity data.

Therefore, a large-scale, high-quality, and well-designed

toxicogenomics database of gene expression information

and standard toxicological data are essential. Several public

toxicogenomic database efforts have been initiated, such as

Gene Expression Omnibus [2, 3] (GEO; National Center for

Biotechnology Information, National Institutes of Health;

www.ncbi.nlm.nih.gov/geo), ArrayExpress [4, 5] (European

Bioinformatics Institute; www.ebi.ac.uk/microarray-as/ae/),

Center for Information Biology Gene Expression [6] (CIBEX;

DNA Data Bank of Japan, National Institute of Genetics;

http://cibex.nig.ac.jp/), EDGE (McArdle Laboratory for

Cancer Research [7], University of Wisconsin-Madison;

http://edge.oncology.wisc.edu/edge3.php), Chemical Effects

in Biological Systems [8] (CEBS; National Institute of

Environmental Health Sciences; http://cebs.niehs.nih.gov/

cebs-browser/), dbZach [9] (Department of Biochemistry &

Molecular Biology, Michigan State University; http://

dbzach.fst.msu.edu), and Comparative Toxicogenomics

Database [10, 11] (CTD; Mount Desert Island Biological

Laboratory; http://ctd.mdibl.org).

In addition to these public microarray databases, public

consortia provide a forum to address questions requiring

more resources than one organization alone could provide

and to engage many sectors of the scientific community.

InnoMed PredTox [12] is a joint Industry and European

Commission collaboration to improve drug safety. The

consortium is a collaborative project of 15 research groups

from 12 pharmaceutical companies, three academic institu-

tions and two technology providers. The goal of this consor-

tium is to assess the value of combining results from ‘‘omics’’

technologies (transcriptomics, proteomics, metabolomics)

with results from more conventional toxicology methods for

more informed decision making in pre-clinical safety evalua-

tion. Genedata (http://www.genedata.com/), a company that

offers expertise in research informatics combined with open

and scalable computational solutions, has provided the

computational infrastructure for InnoMed PredTox, in parti-

cular the software for data management and analysis.

The Liver Toxicity Biomarker Study [13] is a collaborative

pre-clinical research effort in molecular systems toxicology

between the National Center for Toxicological Research and

BG Medicine and it is supported by seven pharmaceutical

companies and three technology providers. The Liver Toxi-

city Biomarker Study is an innovative approach to investi-

gate drug-induced liver injury because it compares

molecular events produced in vivo by compound pairs that

(i) are similar in structure and mechanism of action, (ii) are

associated with few or no signs of liver toxicity in pre-clinical

studies, and (iii) show marked differences in hepatotoxic

potential.

In Japan, the Toxicogenomics Project (TGP) has estab-

lished a large-scale toxicogenomics database known as TG-

GATEs [Genomics-Assisted Toxicity Evaluation System

developed by the TGP in Japan]. Several genomic candidate

biomarkers to predict the toxicity of chemicals have been

successfully identified by using our database. The work and

results reviewed here focuses on our efforts in toxicoge-

nomics research and highlights recent progress in the

application of toxicogenomics.

3 The TGP in Japan

3.1 Features of the project

The Ministry of Health, Labour and Welfare, National

Institute of Health Sciences (NIHS), and the working

group of Japan Pharmaceutical Manufacturers Association

planned the TGP, a collaborative project of the government

and private companies. The TGP was a 5-year project

(2002–2007) performed by National Institute of Health

Sciences, 15 pharmaceutical companies (Astellas, Chugai,

Daiichi, Dainippon-Sumitomo, Eisai, Kissei, Mitsubishi,

Mochida, Ono, Otsuka, Sankyo, Sanwa, Shionogi, Takeda,

Tanabe) and the National Institute Biomedical Innovation

(NIBIO), which was the core institute where the actual

work was performed. Half of the budget was provided by a

grant from the Ministry of Health, Labour and Welfare,

and the other half was provided by the pharmaceutical

companies.

The primary goal of the TGP was to create a gene

expression database by using the Affymetrix GeneChips of

150 chemicals, mainly medical drugs (Table 1), and the

main target organ was the liver. Most clinically serious

adverse effects occur in the liver, and the cell-type compo-

sition of the liver is relatively homogenous; thus, the

expected variation based on sampling differences would be

minimal. For these reasons, the liver was selected as the

target organ to accumulate know-how regarding the toxico-

genomics technique. Nephrotoxicity was also considered to

be important; therefore, the kidney, in addition to the liver,

was sampled for microarray analysis and pathologically

examined in all the animals.

The TGP was completed in 2007. The entire system

consists of a database, an analysis system, and a prediction

system and is named as TG-Genomics-Assisted Toxicity
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Evaluation System. The database will be available to the

public in the near future.

3.2 Contents of the database

Our standard study protocol is summarized in Table 2.

In vivo study: The rat was selected as the species for

analysis. Rats were very frequently used in non-clinical

examinations, and toxicological information for the rat has

been accumulated. Both a single-dose study, consisting of

multiple time points with multiple dose levels, and a repe-

ated-dose study, consisting of multiple dose periods with

multiple dose levels, were performed. Data obtained from

each animal included body weight, general symptoms,

hematology, blood biochemistry, organ weight, and a

histopathological examination of the liver and kidney. Gene

expression in the liver and kidney was comprehensively

analyzed by using Affymetrix GeneChips arrays.

In vitro study: A modified two-step collagenase perfusion

method was used to isolate liver cells from 6-week-old male

Sprague–Dawley rats. A comprehensive gene expression

analysis was performed on the primary cultured cells at

multiple time points after treatment with various concen-

Table 1. Chemicals selected (in total 150 compounds) in TGP

Acetaminophen Doxorubicin hydrochloride Nitrofurantoin
Acetazolamide D-Penicillamine Nitrofurazone
Ajmaline Enalapril maleate N-nitrosodiethylamine
Allopurinol Erythromycin ethylsuccinate N-phenylanthranilic acid
Allyl alcohol Ethambutol dihydrochloride Omeprazole
Alpha-naphthyl isothiocyanate Ethanol Papaverine hydrochloride
Amiodarone hydrochloride Ethionamide Pemoline
Amitriptyline hydrochloride Etoposide Perhexiline maleate
Aspirin Famotidine Phenacetin
Azathioprine Fenofibrate Phenobarbital sodium
Bendazac Fluphenazine dihydrochloride Phenylbutazone
Benzbromarone Flutamide Phenytoin
Benziodarone Furosemide Promethazine hydrochloride
Bromobenzene Gemfibrozil Propylthiouracil
Bucetin Gentamicin sulfate Puromycin aminonucleoside
Caffeine Glibenclamide Quinidine sulfate
Captopril Griseofulvin Ranitidine hydrochloride
Carbamazepine Haloperidol Rifampicin
Carbon tetrachloride Hexachlorobenzene Simvastatin
Carboplatin Hydroxyzine dihydrochloride Sodium valproate
Cephalothin sodium Ibuprofen Sulfasalazine
Chloramphenicol Imipramine hydrochloride Sulindac
Chlormadinone acetate Indomethacin Tacrine hydrochloride
Chlormezanone Iproniazid phosphate Tamoxifen citrate
Chlorpromazine Hydrochloride Isoniazid Tannic acid
Chlorpropamide Ketoconazole Terbinafine hydrochloride
Cimetidine Labetalol hydrochloride Tetracycline hydrochloride
Ciprofloxacin hydrochloride Lomustine Theophylline
Cisplatin Lornoxicam Thioacetamide
Clofibrate Mefenamic acid Thioridazine hydrochloride
Clomipramine hydrochloride Meloxicam Ticlopidine hydrochloride
Colchicine Metformin hydrochloride Tiopronin
Coumarin Methapyrilene hydrochloride Tolbutamide
Cyclophosphamide monohydrate Methimazole Triamterene
Cyclosporine A Methotrexate Triazolam
Danazol Methyldopa Trimethadione
Dantrolene sodium Hemiheptahydrate Methyltestosterone Vancomycin hydrochloride
Diazepam Mexiletine hydrochloride Vitamin A
Diclofenac sodium Monocrotaline WY-14,643
Diltiazem hydrochloride Moxisylyte hydrochloride (7)-Chlorpheniramine maleate
Disopyramide Naproxen (7)-Sulpiride
Disulfiram Nicotinic acid 17-alpha-Ethinyl estradiol
DL-ethionine Nifedipine 2-Acetamidofluorene
Doxepin hydrochloride Nimesulide 2-Bromoethylamine hydrobromide

Drug candidates supplied from the member companies, which were withdrawn in various stages of drug development, were excluded.
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trations of each of the 150 compounds. The same gene

expression analysis was also performed with human liver

cultured cells obtained from Tissue Transformation Tech-

nologies.

3.3 Analysis and prediction systems

Analysis system: Since microarray data consist of large

amounts of numerical data, statistical knowledge and

computational skills are required to interpret the results.

Multivariate analysis methods are utilized for both data

mining and pattern recognition, such as hierarchical clus-

tering, K-means clustering, self-organizing map (SOM), and

principal component analysis (PCA). PCA is a convenient

tool for the qualitative classification of compounds against a

list of genes. As a prediction system, however, some quan-

titative data would be favorable for the final output. There-

fore, in our system, when the user specifies a principal

component with high contribution, the compounds are

sorted by value, and the genes with large eigenvector values

are easily obtained. This analysis provides the relative posi-

tion of the test drug among the drugs in the database and

supports to generate a candidate gene list for further

investigation.

Prediction system: Discriminant analysis is a powerful

technique that can be used when a phenotype that can be

judged as positive or negative is available [14]. Prediction

analysis of microarray (PAM) [15] and support vector

machine (SVM) [16] have been employed in our systems.

The sample size and appropriate selection of the training

data set are crucial for establishing reliable classifiers. In our

system, by a semi-automatic system of training and valida-

tion, the efficiency improves for the creation of classifiers.

BaseView system: When an assessment or prediction of

toxicity is made by a list of multiple measures, it is necessary

to summarize or quantify these measurements. Ideally, the

quantification process should be optimized for each marker

gene list. However, because this approach is practically

difficult, a uniform system has to be created. In our system,

a new scoring system was developed in one trial. The TGP1

score is calculated based on the ratio to control value (log 2)

for each gene in the marker list and expressed as a heat map

[17, 18]. This scoring system makes it easy to summarize the

assessments of a target compound against many marker

lists and to summarize the assessments of many

compounds against a particular marker list. However, this

system has some problems; the score is biased when the list

contains a gene whose expression change is extremely large

(e.g., CYP1A1), and changes are canceled when up- and

down-regulated genes coexists in the list. Therefore, another

scoring system, the TGP2 score, is available in our system.

The TGP2 score is based on the effect size and calculated as

the absolute value of the difference between means divided

by the covariance [19].

4 Application of toxicogenomics

Our strategy is to prepare a large set of genomic biomarkers

that are related to toxicological phenotypes, pathways, or any

other biologically meaningful factor. Until now, several

potential genomic biomarkers to predict the toxicity of

chemicals have been successfully identified. In this article,

we provide several applications of toxicogenomics by using

our database.

4.1 Glutathione depletion [20]

The hepatotoxicity of acetaminophen is caused by the excessive

production of active metabolite that exceeds the detoxification

capacity of intracellular glutathione [21]. Therefore, drugs that

Table 2. The standard study protocol in TGP

In vivo
Animal Sprague–Dawley rat (6 wk old, N 5 5 for each

group)
Vehicle 0.5% Methylcellulose or corn oil (oral dose)

Saline or 5% glucose solution (intravenous
dose)

Dose Low, middle, and high (mainly 1:3:10)
Route Oral (intravenous in a few cases)
Sacrifice 3, 6, 9, and 24 h after a single administration

24 h after the last dose of repeated
administration for 3, 7, 14 and 28 days

Sampling Liver, kidney, and plasma
Microarray

analysis
Affymetrix GeneChip (N 5 3 for each group)

Items
examined

Histopathology: liver and kidney
Body weight, organ weight (liver and

kidney), food consumption, hematology,
and blood biochemistry

In vitro: rat
Animal Sprague–Dawley rat (6 weeks old)
Cell Hepatocyte isolated by collagenase

digestion
Vehicle Culture medium or DMSO
Concentration Low, middle, high (1:5:25)
Treatment 2, 8, 24 h
Microarray

analysis
Duplicate

Items
examined

Cell viability (LDH release and DNA contents)

In vitro: human
Cell Human frozen hepatocytes
Vehicle Culture medium or DMSO
Concentration Low, middle, and high (1:5:25, low is omitted

in some cases)
Treatment 2, 8, 24 h (2 h is omitted in some cases)
Microarray

analysis
Duplicate

Items
examined

Cell viability (LDH release and DNA contents)
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have the potential to deplete hepatocyte glutathione carry the

risk of causing acetaminophen-type hepatotoxicity with over-

dosage. In a previous report, a list of marker genes for gluta-

thione depletion was extracted by using BSO, a glutathione

biosynthesis inhibitor [22]. However, phorone is considered to

be superior to L-buthionine-S,R-sulfoximine (BSO) as a model

system, since its mechanism of glutathione depletion is similar

to that of acetaminophen-type hepatotoxicants (i.e. it covalently

binds to glutathione and is excreted from the cell). Phorone

(40, 120, or 400 mg/kg) was administered according to the

same protocol as the regular single-dose experiments, and the

glutathione content was measured. Phorone caused a marked

but transient depletion of glutathione with maximal depletion

occurring at 3 h. Then, the glutathione level recovered, and it

was increased at 24 h as a rebound effect. A total of 161 probe

sets was identified with signal levels that were inversely

correlated with the hepatic glutathione content (Fig. 1). PCA of

the chemicals in the database with these probe sets revealed

that chemicals with a risk of glutathione depletion, such as

bromobenzene and coumarin, in addition to acetaminophen,

were clearly separated from other chemicals or controls toward

the direction of principal component 1, suggesting that the list

was useful as a genomic biomarker for risk assessment of

glutathione depletion.

4.2 Phospholipidosis [23]

In toxicity studies, phospholipidosis is often observed in

various tissues including the liver. Despite efforts to estab-

lish methods to predict the phospholipidosis of drugs,

sensitive diagnostic markers, and effective prognostic

markers were still desired. To identify a genomic biomarker

for the prediction of hepatic phospholipidosis, we extracted

78 probe sets of rat hepatic genes based on data from five

drugs (amiodarone, amitriptyline, clomipramine, imipra-

mine, and ketoconazole) that induce this phenotype. A PCA

was performed, and the possible induction of phospholipi-

dosis was predictable by the expression of these genes 24 h

after a single administration.

4.3 Cholestasis [24]

Cholestatic hepatitis is the most common type of drug-

induced cholestasis and is more frequent than cholestatic

viral hepatitis. Cholestasis is caused by a functional defect

in bile formation at the level of the hepatocyte or by

an impairment in bile secretion and flow at the level of the

bile ductules or ducts. To identify a biomarker for the

diagnosis of elevated total and direct bilirubin, we extracted

59 probe sets of rat hepatic genes based on data from seven

drugs (gemfibrozil, phalloidin, colchicine, bendazac, rifam-

picin, cyclosporine A, and chlorpromazine) that induce

cholestatic hepatitis after 3–28 days of repeated adminis-

tration. PCA with these probe sets clearly separated

dose- and time-dependent clusters in the treated groups

from the control groups. Although further work is required

to improve and generalize the candidate for a marker

suggested in this study, these identified probe sets should

be useful to diagnose the cause of elevated total and

direct bilirubin.
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4.4 Non-genotoxic hepatocarcinogenicity [25]

Assessing carcinogenicity in animals is difficult and costly;

therefore, an alternative strategy is desired. Genotoxic

compounds are usually identified and removed early from

compound pipelines. However, the discovery of unexpected,

presumed non-genotoxic, carcinogenicity late in drug

development may prevent potentially good medicines from

reaching patients for years while the human risk is quali-

fied. Microarrays and expression profiling have been used to

make classifiers for the early prediction of non-genotoxic

carcinogenicity in the liver [26–29]. The goal of these studies

was to extract common gene sets coordinately deregulated

by different classes of non-genotoxic hepatocarcinogenesis.

These publications confirm that multiple genes are required

for accurate classification due to the multiple mechanisms

of action that must be included in the prediction model.

Therefore, the effects of chemicals with similar mechanisms

are likely to be reflected in similar gene expression profiles

in the early stage of non-genotoxic carcinogenesis [28].

Arguably more important than the identification of potential

carcinogenicity of a compound is the identification of the

mechanism of action [30]. Our strategy was to focus on one

important mechanism, cytotoxic oxidative stress, respon-

sible for non-genotoxic hepatocarcinogenesis.

We selected thioacetamide and methapyrilene as proto-

typic oxidative stress-mediated, non-genotoxic hepatocarci-

nogens and performed PAM discriminant analysis. A PAM

classifier containing 112 probe sets that yielded an overall

success rate of 95% was successfully obtained from the

training procedure. Based on gene ontology, the content of

genes related to cellular metabolism, including anti-oxida-

tive metabolism, cell proliferation, cell cycle, and response to

DNA damage stimulus, was significantly high. The validity

of this classifier was checked for 30 chemicals. The classi-

fication results showed characteristic time-dependent

increases by treatment with several non-genotoxic hepato-

carcinogens, including thioacetamide, methapyrilene,

coumarin, and ethionine (Fig. 2). Although all of the carbon

tetrachloride-treated groups were predicted as negative, the

score tended to increase with repeated dosing. On the other

hand, the enzyme inducers with carcinogenic activity,

phenobarbital and hexachlorobenzene, and peroxisome

proliferators other than Wy-14 643 (i.e. clofibrate and

gemfibrozil) had negative scores for all time points. Of the

non-carcinogenic samples, bromobenzene had a transient

score increase at 24 h but returned to negative during

repeated dosing. Almost all of the non-carcinogens were

correctly predicted as negative, but it was not possible to

completely eliminate false positives. This work suggested

that the possibility of lowering the days of repeated

administration to less than 28, at least for a category of non-

genotoxic hepatocarcinogens causing oxidative stress.

The carcinogenicity working group of the C-Path

Predictive Safety Testing Consortium (PSTC) has selected

genes from published toxicogenomics research that were

determined to be of high predictive value in the early

recognition of non-genotoxic hepatocarcinogenicity. The

group consolidated this list for refinement and qualification

as a gene signature to predict a compound’s potential to be a

non-genotoxic hepatocarcinogen. To ensure the indepen-

dence and cost effectiveness of the platform, mRNA for

these genes was assayed by real-time quantitative PCR, and

a final signature was re-derived from genes with confirmed

expression. The robustness and potential utility of this new

quantitative PCR-based signature will be discussed in future

reports.

4.5 Bridging between in vivo and in vitro:

Peroxisome Proliferator-Activated Receptor

alpha-mediated response [31]

Data from three ligands of peroxisome proliferator-activated

receptor alpha (PPARa) – i.e. clofibrate, WY-14 643, and

gemfibrozil – in our database were analyzed. Many of the

b-oxidation-related genes were commonly induced in vivo
and in vitro, whereas expression changes in genes related to

cell proliferation and apoptosis were detected in vivo but not
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Figure 2. Time-course changes in prediction results for non-

genotoxic hepatocarcinogenicity of chemicals. A model case for

identifying the candidate genomic biomarkers associated with

non-genotoxic hepatocarcinogenicity is presented. The PAM

class probability was converted to a score to enable quantitative

comparison. The PAM score showed characteristic time-course

changes for several non-genotoxic hepatocarcinogens. For

methapyrilene, thioacetamide and other carcinogens, such as

the ethionine and coumarin, the scores transiently increased at

an early time point after a single dosing. In the case of repeated

dosing, the scores increased with the repeated doses. The

following samples were classified as positive: methapyrilene

100 mg/kg (high dose, H); thioacetamide 15 mg/kg (middle dose,

M) and 45 mg/kg (H); coumarin 150 mg/kg; ethionine 250 mg/kg;

Wy-14 643 100 mg/kg; and bromobenzene 300 mg/kg. Each box

indicates the PAM score. Black boxes indicate samples that are

predicted as negative.
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in vitro (Fig. 3). By using the genes commonly up-regulated

both in vivo and in vitro, PCA was performed for 32

compounds, and principal component 1 was identified as a

convenient parameter to extract PPARa agonists from the

database (Fig. 3). This study is one of the first to create an in
vivo–in vitro bridge for the validation of a genomic biomar-

ker.

4.6 Bridging between the rat and human: Coumarin-

induced hepatotoxicity [19]

A system that perfectly predicts hepatotoxicity in the rat

would not necessarily improve the prediction of hepato-

toxicity in humans. The final goal must be the prediction of

hepatotoxicity in humans for drug development. The extra-

polation of toxicity data from rodent to human is not suffi-

cient. However, if general toxic mechanisms or toxicological

pathways are conserved over species, they would be useful

bridges between animal models and clinical events. One

expected result from toxicogenomics technology is to over-

come the barrier due to species difference in the prediction

of clinical toxicity.

We investigated the possibility of an informational bridge

connecting transcript responses between rat and human

hepatocytes, and rat liver in vivo after the administration of

coumarin. In this experiment, primary cultured rat hepa-

tocytes were exposed to 12, 60, and 300mM coumarin for

24 h. No obvious cytotoxicity was detected by LDH release

(100.5, 97.7, and 95.1% of control, respectively). Then, we

extracted the significant genes according to the gene list

obtained from in vivo study; the extracted genes showed
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Figure 3. An in vivo – in vitro bridge for genomic biomarkers to assess PPARa agonistic action. A model case for creating an in vivo – in

vitro bridge for genomic biomarkers is presented. The data from three agonists of PPARa in our database (clofibrate, WY-14 643 and

gemfibrozil) were analyzed, and 41 commonly up-regulated probe sets between in vivo and in vitro were extracted. The validity of these

probe sets as biomarkers for the evaluation of PPARa agonistic activity was evaluated by PCA. These plots show the principal separation

of samples due to putative PPARa agonistic activity toward the negative direction on the x-axis, PC1.
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significant up-regulation (136 probe sets) or down-regula-

tion (79 probe sets) in livers treated with 150 mg/kg

coumarin. A similar trend was observed between in vivo and

in vitro cell responses, although the extent of the response

(the fold change) was generally smaller, and fewer genes

showed a measurable change in the in vitro cell assay

(Fig. 4). Probe sets showing changes of 1.5-fold or more or

0.6-fold or less than that of the control at the highest

concentration (300 mM) in rat hepatocytes were selected as in
vivo–in vitro bridging probes that reflect the toxicological

mechanism of coumarin in vivo. The selected genes (37 up-

regulated and 29 down-regulated) had clear dose-dependent

changes in expression that enabled us to assess the hepa-

totoxicity of coumarin by using the in vitro data (Fig. 4).

Next, cultured human hepatocytes were exposed to 12,

60, and 300 mM coumarin for 24 h. No obvious cytotoxicity

was detected by LDH release (100.6, 100.9, and 102.0% of

control, respectively). The in vivo–in vitro bridging probes

were assigned to their human ortholog genes to form a set

of rat–human bridging probes, and changes in their

expression were compared in rat versus human hepatocytes.

In total, 14 up-regulated probe sets and 11 down-regulated

probe sets were identified; their relative expression levels are

shown in Fig. 5. The pattern of changes in gene expression

was similar in rat and human cells, but the extent of the

changes was more prominent in rat cells than in human

cells, in accordance with the known species-specific differ-

ence in hepatotoxicity [32–38]. In the case of diclofenac,

which is a hepatotoxicant without species difference, there

was no evidence of a species-specific difference in gene

expression between rat and human cells. The observation

that the induction of stress-related genes was more robust in

rat cells than in human cells could be a direct reflection of

the extent of stress and subsequent damage caused by

coumarin in each species. Although more data are needed to

connect species and model systems with human risk

assessment, this approach is an important step in bridging

the differences between species.

5 Future perspectives

This review focuses on our efforts in toxicogenomics

research and highlights recent progress in the application of

toxicogenomics. In the early stage of drug development,

genomic biomarkers are used to identify and optimize lead

compounds among several candidates. As full-scale toxicity

testing is quite costly, safety assessment of candidate drugs

is usually performed just before the clinical trial. If serious

toxicity emerges at this stage, it might be necessary to return

to the screening of seed compounds, because toxicity is

often inherent to the basic structure and is thus never

eliminated by minor modification. If the potential pheno-

type (when repeatedly dosed) is predictable in the early stage
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Figure 5. Heat map of the expression

profile of probe sets in rat and human

hepatocytes treated with coumarin.

Among the in vivo – in vitro bridging

probes for rats, 14 up-regulated and 11

down-regulated probe sets were assigned

to human ortholog (species bridging

marker), and their expression is shown as

a heat map of the expression profile in rat

and human hepatocytes treated with

coumarin (12, 60 and 300mM). Each probe

set dose-dependently responded to

coumarin in both species, whereas the

extent of the changes appears to be more

prominent in rats than in humans.
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of drug development by gene expression data from a small

number of experimental animals, it would effectively cut the

time and cost of drug development. The use of genomic

biomarkers in the early stage of drug development will

strengthen the safety screening of drug candidates before

they are administered to humans. The use of genomic

biomarkers will also reduce the number of animals sacri-

ficed during drug development. However, the candidate

biomarkers reviewed here have not necessarily been eval-

uated with large independent test sets and are rarely vali-

dated across laboratories. Further definitive validation

studies are absolutely essential for judging the acceptability

of candidate genomic biomarkers in pre-clinical safety

assessments. Furthermore, regulatory agencies, the phar-

maceutical industry and academia must establish guidelines

for the integration of ‘‘omics’’ data, including toxicoge-

nomics and genomic biomarkers, into drug safety assess-

ment. We are currently in the project’s second stage, known

as the TGP2. Our goals are as follows: (i) establishment of

genomic biomarkers to predict the toxicity of drug candi-

dates in the early stage of drug development, (ii) bridging of

species differences, and (iii) application of toxicogenomic

data for regulatory science. These efforts will contribute to

the accelerated development of more effective and safer

drugs.

The PSTC also represents a next important step in the

validation and regulatory use of new pre-clinical biomarker

tests with the initiative of the C-Path Institute. The novel

biomarkers are internally developed and used by each

individual pharmaceutical company and consortium are of

limited value for regulatory use because the methods used

have not been validated by an independent party. To resolve

these issues, there is a growing need for a large and cross-

institutional study on a global scale. The PSTC is a

public–private partnership, led by the C-Path Institute,

which brings together pharmaceutical companies to share

and validate each other’s safety testing methods under

advisement of the Food and Drug Administration (FDA)

and its European counterpart, the European Medicines

Evaluation Agency (EMEA). The aim of the PSTC is to

identify and qualify safety biomarkers for regulatory use as

part of the Food and Drug Administration’s Critical Path

Initiative. The 17 corporate members of the consortium

share internally developed pre-clinical safety biomarkers in

five workgroups: carcinogenicity, kidney, liver, muscle, and

vascular injury. Consortium members are sharing their new

pre-clinical biomarker tests for examination and cross-vali-

dation by other members of the consortium. Candidate

genomic biomarkers reviewed here will need a similar

validation process through collaborative research like that of

PSTC. These processes are expected to enable the regulatory

agencies to write new guidelines for industry that identify

more accurate methods to predict drug safety.
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