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The advent of ‘genomics’ technology, in particular transcript profiling, has already had
a measurable impact on the drug discovery process in the areas of target identification and
validation. This review is concerned with the potential application of this technology to
toxicology and drug safety assessment, with particular emphasis on biomarker discovery
and characterization. An advantage (or possibly a drawback!) of transcript profiling is that
candidate biomarkers of toxicity can be speedily identified, with the caveat that a
significant amount of subsequent experimental and bioinformatic effort needs to be
expended in order to evaluate and validate them. Attention is also drawn to the critical
need for robust experimental design with studies of this type and to issues associated with
the analysis of large data sets. In summary, while genomics technology undoubtedly offers
much that can assist drug safety assessment, its potential has yet to be realized fully in this
area. However, a large amount of resource continues to be applied to ‘toxicogenomics’.
Tangible benefits, in terms of new biomarkers of toxicity and reduced numbers of adverse
drug effects, remain realistic objectives.

Introduction

The identification, evaluation and implementation of biomarkers is crucial to
the process of pharmaceutical discovery and development in a number of respects,
not least of which is drug safety assessment. Existing industry-wide rates of
‘attrition’ of candidate drugs due to adverse toxicity in humans are unacceptably
high, and there is room for a lot of improvement in our ability to detect
pharmacologically related drug toxicities, both preclinically and clinically. Robust
surrogate biomarkers for the major drug-induced toxicities would have a significant
impact on both these areas.

Genomics technology, including the ability to quantify simultaneously many
thousands of gene transcripts in a biological sample, potentially offers exciting
possibilities for biomarker discovery and evaluation. This applies to all classes of
biomarkers: type 0 (those that relate to pre-existing conditions or risk factors), type
1 (markers of an early pharmacological or toxic response), and type 2 (markers of
disease progression). In particular, ‘toxicogenomics’ offers not just the possibility of
determining which molecular pathways are perturbed by toxic concentrations of
compounds, but also a means of exploiting this information, either for the
development of novel screens or for the development of new biomarkers.
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Genomics technology

For the purposes of this review, genomics is taken to mean large-scale detection
and quantification of gene transcripts, or ‘transcript profiling’. Methods for
transcript profiling fall broadly into two categories: ‘open’ technologies, with
which potentially any transcript may be analysed, and ‘closed’ technologies, in
which the analysis is restricted to a specific number of transcripts. Examples of
these are given in Table 1 (see also Farr and Dunn 1999, Pennie ez al. 2000, Steiner
and Anderson 2000, Waring and Ulrich 2000, for reviews).

The great advantage offered by all these technologies is the ability to be able to
quantify hundreds or thousands of transcripts simultaneously from the same
sample. If the assertion that ‘no toxicity develops in the absence of changes in gene
expression at some stage’ is true, then there are obvious potential benefits from
applying gene profiling to toxicology. These include:

i.  discovery of novel toxic mechanisms

ii. development of predictive toxicity databases

iii. detection of the onset of toxicity in advance of pathological or phenotypic
changes

iv. evaluation of i vitro models for toxicity

v. identification of preclinical and clinical biomarkers for toxicity

vi. development of screens for individuals susceptible to particular adverse
drug effects.

These potential benefits have prompted a large amount of experimental work in
both academic and industrial environments. The majority of published reports are
‘proof of concept’ experiments. While not contributing much to an overall
understanding of toxicology, these studies have shown that well-known toxic
compounds can bring about robust time- and concentration-dependent changes in
gene expression in various biological systems (e.g. Frueh ez al. 2001, Reilly ez al.
2001, Ruepp ez al. 2002, Yamazaki ez al. 2002). Where these and other similar
studies have also been useful is in highlighting the shortcomings of the
‘toxicogenomics’ approach, and focussing the attention of researchers on key
experimental and data handling issues. These include:

i.  definition and selection of the toxic endpoint

ii. selection of a relevant experimental system

iii. robust experimental design

iv. appropriate data processing and analysis

v. evaluation/‘validation’ of putative differentially expressed genes.

These issues are particularly pertinent with respect to the use of genomics
technology for the identification of biomarkers of toxicity.

Definition and selection of toxic endpoints
While the number of organ and tissue toxicities that can occur in a test animal
may appear large, they are underpinned by a relatively small number of responses at
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Table 1.

Technology platforms for expression profiling.

Technology

Principle

Example references

or sources Some advantages

Some disadvantages

Open technologies
Differential display

Subtractive
hybridization

Serial analysis of
gene expression
(SAGE)
GeneCalling™

Closed technologies
Nylon membrane
cDNA arrays

Glass cDNA arrays

Oligonucleotide
arrays

Labelled cDNA samples from different cell
populations are PCR amplified, and co-electro-
phoresed. cDNAs with different abundances are
identified and isolated.

cDNAs from two different cell populations are
subtracted from one another, usually by a PCR-
mediated process. The subtraction process

enriches for differentially expressed sequences.
Concatenation and manual sequencing of short
diagnostic sequence ‘tags’ from a cDNA population.

High-resolution electrophoresis followed by
sequencing.

cDNA sequences are immobilized on a nylon sup-
port, and hybridized with labelled total cDNA
preparations from cells or tissues.

cDNA sequences are immobilized on a glass slide
support, and hybridized with labelled total cDNA
preparations from cells or tissues. Both ‘one colour’
and ‘two colour’ systems available.

Complementary oligonucleotides are designed to
specific genes, and immobilized on glass or
synthesized i sizu . These are hybridized with labelled
cDNA preparations.

Liang ez al. (1993)
Can be rapidly performed.

Diatchenko ez al.
(1996)

Velculescu ez al.
(1995)

Simpson ez al.
(2000);
Www.curagen.com

www.clontech.co.uk
same gene sets each time.
More quantitative than open techni-
ques, and more easily amenable to
downstream data processing and
bioinformatic analysis.

www.clontech.co.uk;

www.apbiotech.com

www.affymetrix.com;
WWW.sigma-genosys.-
com

Potentially any gene can be detected.

Downstream analysis needs to be performed to
identify genes.

May only detect transcripts that show high
degree of differential expression, and are biased
towards abundant transcripts (differential dis-
play and subtractive hybridization).

More consistent data, as are analysing Restricted to genes that are present on the array.

Relatively inflexible — can be difficult to add
more genes.
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the cellular level, including necrosis, apoptosis, and stimulation or inhibition of cell
proliferation (Farr and Dunn 1999). Given that these are fundamental biological
processes regulated by gene activity, in principle genomics technology can be used
to understand the basis of this regulation and, furthermore, to understand how this
regulation is perturbed by toxic compounds. Genes whose regulation is consistently
disrupted in certain toxic responses are good candidates for genetic biomarkers.
In practice, however, the characteristics of good biomarkers (Timbrell 1998) do
not readily apply to genetic biomarkers of toxicity, in particular the desirability of
compound or class specificity and non-invasiveness. Nonetheless, a good example
of the robust association of genetic biomarkers with a toxic endpoint is observed
with the peroxisome proliferator class of compounds, which are hepatotoxic in
rodents but apparently not in humans (see Roberts 1999 for review). It is known
that these compounds act via the ligand-activated transcription factor peroxisome
proliferator activated receptor-o« (PPARa) (Issemann and Green 1990). It is known
that PPARa is expressed at significantly higher levels in rat and mouse liver than in
human liver, and this may, at least in part, be responsible for the species differences
in toxicity (Vanden Heuvel 1999). Studies on the regulation of gene expression by
PPAR« activators, including work with gene arrays, have repeatedly identified a
number of transcript changes consistent with the known mechanism of action, that
is dysregulation of peroxisomal B-oxidation of fatty acids and hepatomegaly (Baker
et al. 2001, Thomas ez al. 2001, Yamazaki ez al. 2002). Importantly, many of these
gene changes are also detected using primary rodent hepatocyte cultures, and the
toxicity endpoints of induction of peroxisome proliferation and S-phase, and the
suppression of apoptosis, can also be demonstrated in these iz vitro systems
(Hasmall ez al. 2000). While this potentially offers a toxicity screen based on
primary cell culture and gene expression changes, the important factor is the rodent
specificity of these toxic effects. It is still important to be able to predict adverse
rodent effects using rapid in wvitro screens, to reduce the burden on i vivo
preclinical testing. In this instance, however, it is clear that a human-based system
needs to be employed, as rodents are not a good surrogate for the prediction of
human toxicity. This is particularly true as new, more potent compounds are
developed. For example, a recently described potent PPARa agonist upregulates
CYP4A mRNA in human hepatocyte cultures, whereas the less potent fenofibric
acid does not (Lawrence er al. 2001). Whether or not this can be considered as a
genetic biomarker for potential human hepatotoxicity is unclear, as no other
PPARo agonists have been reported to have this effect in human hepatocyte
cultures and no clinical information relating to this compound is available.
Although also without precedent in human hepatocyte cultures, other genetic
biomarkers of peroxisome proliferator-induced toxicity may be useful in this
context. In particular, biomarkers of cell proliferation such as Ki-67 and
proliferating cell nuclear antigen (PCNA) may be used as early indicators of a
potential compound-induced pro-proliferative effect. In vivo hepatomegaly is a
good indicator of incipient hepatocarcinogenesis in rodents with these compounds
(see Ashby er al. 1994 for review), and upregulation of Ki-67 and PCNA in human
hepatocytes, while not necessarily indicating a human carcinogenic risk, would give
cause for concern. This is an example of where a good understanding of animal
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toxicity has allowed the development of genetic biomarkers, which have the
potential to be applied to humans to allow assessment of novel drugs.

Toxic endpoints in extrahepatic tissues are rather less tractable at present, partly
as a consequence of a lack of understanding of mechanisms and/or experimental
inaccessibility, for example a lack of a good in vitro model. Toxicities of the central
nervous system, heart and eye fall into this category, although in other areas,
notably bone marrow and testis, good progress has been made in the development
of ex vivo and in virro models. For example, in vitro bone marrow cultures have
been used for some time in attempts to predict i vivo bone marrow toxicity (for
example, see Schoeters ez al. 1995). The development of immortalized progenitor
cells offers potentially greater utility for toxicity testing and biomarker develop-
ment. For example, FDCP-Mix cells were obtained by viral immortalization of
long-term bone marrow cultures, and these possess the capability of differentiating
into various cell lineages depending on the growth factor environment (Spooncer ez
al. 1984, 1986). These are beginning to be exploited for toxicity evaluation of
chemicals, for example with chlorinated pesticides (Henschler ez al. 2001), and
work is currently underway to attempt to obtain genomic biomarkers of bone
marrow toxicity using this model.

Selection of experimental system and experimental design

Given that the overall aim is to identify genetic biomarkers that are predictive of
in vivo animal and human toxicity, the most relevant data is obtained from i vivo
experimental systems. Clearly this is not possible for the identification of human
biomarkers, and raises certain practical difficulties for animal biomarkers. For
example, it is desirable to detect gene changes that occur as an early response to a
toxic insult, since these are more likely to be directly mechanistically linked and to
predate any pathological change. This would require a complex time course and
dose—response study to be set up, with a need for large numbers of animals and
posing logistic problems with dosing and sampling. Also, such a study would be
subject to considerable inter-animal variation, both due to differences in exposure
to the dosed compound and to the biological variation that occurs even between
animals of inbred strains. It is also common that toxic events are restricted to
subpopulations of cells within an organ or tissue type. Therefore, tissue samples
may consist of a majority of non-responding cells, which could dilute and obscure
the key regulatory changes in the cell population of interest. Techniques such as
laser capture microdissection have been used successfully to enrich for cell
populations of interest in array studies (Leethanakul ez al. 2000), but this is
labour-intensive, particularly when large numbers of samples are involved. None-
theless, data exists to support the distinction of different classes of hepatotoxins
based on iz vivo transcript profiling and the correlation of specific gene changes
with histological and clinical chemistry measurements (Waring et al. 2001,
Hamadeh er al. 2002). Interestingly, the Waring er al/. (2001) study employed a
single dose/single time point design, which, as discussed above, is suboptimal. The
rationale was to use a dose of each of the 15 test compounds that produced liver
pathology changes after 7 days, and then to take samples after 3 days’ exposure.
This intermediate time point was selected in the hope of capturing early,
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mechanism-related gene changes while avoiding complex later changes that may be
related to pro-inflammatory, necrotic or fibrotic events. As well as simplifying
experimental design and reducing cost, Waring ez al. (2001) argued that in order for
this type of approach to be useful for screening large numbers of compounds, it
needs to be sufficiently robust to provide useful data at a single ‘snapshot’ time
point. This simplified approach was justified in the sense that mechanism-related
gene changes were identified for the well-characterized hepatotoxins included in
the study, and related compounds were shown to be ‘clustered’ together. It could
be argued that this is hardly surprising, and that the definitive test of a predictive
gene expression database is the ability to detect the toxicity of ‘new’ compounds,
that is those with an aetiology that is not represented in the database. This will
require not only an extensive database, but also robust predictive models based on
the data. A number of companies are developing such databases and predictive
modelling tools (see below). The Waring ez al. (2001) and Hamadeh ez al. (2002)
studies use liver i vivo as a model system to attempt to ‘prove the principle’ that
toxicity endpoints can be associated with specific gene expression profiles. It could
be argued that liver is structurally more ‘simple’ than other toxicity target organs,
and therefore more amenable to such analysis. It will be a greater challenge to
demonstrate similar correlations for other tissues, where toxic mechanisms are also
less well understood at the gene expression level.

Some of the difficulties with n vivo studies can be addressed by the use of
primary cell cultures and cell lines rather than intact animals. However, this
immediately raises the issue of the relevance of any iz virro findings to the toxic
response 7 vivo. It is documented that, in hepatocytes at least, the isolation process
upregulates ‘immediate-early’ transcription factors such as c-fos and c-jun (Rana ez
al. 1994), which as potent regulatory molecules themselves have profound effects
on ‘downstream’ gene expression. Also in hepatocytes, a number of investigations
have noted a dedifferentiation process with time in culture, with a concomitant loss
of liver-specific functions. Liver-derived cell lines have been used successfully in
some situations to recapitulate i vivo toxicity (Bayly ez al. 1993), although many
lines are tumour-derived, karyotypically abnormal and often refractory to the
effects of known hepatotoxins.

In selecting the appropriate experimental system for array experiments, whether
in vivo or in vitro, the important criterion is to be able to demonstrate and measure
the onset of the compound-related toxic effect(s) by means other than transcript
profiling. This will allow the differential gene expression information to be placed in
context with respect to the toxic endpoint, which is critical to determining which
changes may be causally related.

There are a number of important issues to consider when designing array
experiments in order to enable the experimenter to have confidence that the
observed gene expression changes are genuine and not artefactual. A detailed
discussion of these issues is not appropriate here, but in general the number of
replicate arrays run per sample can have a significant effect on data reliability. For
cDNA arrays, running three replicate arrays has been shown to improve
substantially the detection of false negatives and false positives (Lee er al. 2000).
Reliance on ‘fold-change’ measurements to quantify gene expression changes can

RIGHTES

s



Biomarkers Downloaded from informahealthcare.com by Hacettepe Univ. on 11/18/12
For personal use only.

Genomics and the search for toxicology biomarkers 85

also cause difficulties, since the magnitude of a fold-change is highly dependent on
transcript abundance. The use of appropriate statistical models, both to determine
the number of replicates required and to ascribe ‘significance’ to observed
expression changes (Wolfinger er al. 2001), is an improvement on ranking
differentially expressed genes simply on the basis of fold-changes. Finally, our
own experience and that of others indicates that there are several sources of
variation in array experiments, some of which may be unforeseen. These include
variation due to operator, date of RNA preparation, date of hybridization, and
reagent batch. Tools such as principle component analysis can help identify such
variation when it occurs, but the preferred solution is to reduce the effect of this by
rational experimental design. In essence, this requires arranging the experimental
work so that, for example, ‘control’ and ‘drug-treated’ samples are not processed on
different days.

Identifying biomarkers — analytical issues with transcript profiles

The large volume of information generated by transcript profile studies presents
the experimenter with analytical problems. Whereas a relatively simple approach
using spreadsheets can perform a rudimentary analysis, for example sorting genes
according to fold-change and performing analysis of variance, specialist tools are
required for more complex evaluation. Proprietary analysis packages such as
Spotfire (Spotfire, Inc.) and GeneSpring (Silicon Genetics) give the investigator a
large number of options, including ‘clustering’ genes with similar or (dissimilar)
expression patterns to identify genes that may be co-ordinately regulated (Eisen et
al. 1998).

As mentioned previously, a desirable outcome of transcript profiling experi-
ments is the creation of a database of gene profiles associated with toxic endpoints,
both from the point of view of predicting toxicity and identifying new biomarkers.
One such database currently being compiled is ToxExpress™ (Gene Logic Inc.;
www.genelogic.com). This programme is focussing initially on liver toxicity, and a
large number of hepatotoxins are being used in . vivo and in wvitro transcript
profiling studies. One of the goals is to build predictive models of liver toxicity, but
another important anticipated outcome is the identification of genes or clusters of
genes predictive of certain types of toxicity that can be employed as biomarkers in
screening experiments. A similar approach has recently yielded a number of
potential new markers of pancreatic cancer, as well as confirming some previously
known gene changes associated with this disease (Iacobuzio-Donahue et al. 2002).

Confirmation and ‘validation’ of putative differentially expressed genes

A typical gene array experiment will generate several hundred potential gene
changes, and data analysis of the type referred to above will help the experimenter
prioritize which of these are associated with chemical concentration and/or time
course of administration. Much has been written of the desirability of confirming
these putative gene changes by some independent means, such as quantitative
reverse transcription-polymerase chain reaction (RT-PCR). Indeed, peer-reviewed
journals will not publish ‘lists of genes’ from gene profiling experiments without
such corroboration.
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‘Validation’ when used in this context implies more than simple confirmation of
a change in transcript abundance, but a robust association of the gene product with
the toxic endpoint. It is useful to provide a reminder here of what is being measured
with transcript profiling, that is steady-state mRNA levels. As illustrated in Figure
1, an increase in steady-state mRNA abundance should not necessarily be taken to
imply an increase in protein abundance, still less an increase in enzyme activity.
This serves to exemplify one of the shortcomings of using gene profiling to generate
biomarkers for toxicity: a gene identified as a putative biomarker on the basis of a
transcript profile may not ‘translate’ into something useful as an indicator of a toxic
endpoint. There are good examples of increases in mRNA abundance not being
reflected by corresponding protein increases, and of protein/enzyme activity being
increased by post-translation mechanisms while mRNA levels remain unchanged
(Anderson and Seilhamer 1997). Also, the temporal relationship between gene
transcription and the appearance of active protein is often complex.

The main test of the ‘validity’ of a genetic biomarker is whether alteration in
gene activity, whether measured at the mRNA, protein or activity level, is
consistently associated with the appearance of a toxic endpoint. Such a biomarker
is especially useful if alteration can be detected irrespective of the toxin, although a
biomarker that is toxin-specific or toxin-class-specific nonetheless has significant
utility.

Use of suppression subtractive hybridization technology to identify genetic
biomarkers of drug-induced liver toxicity in dogs

As an example of the use of genomics technology in biomarker identification,
the following experiments were undertaken to identify gene regulatory changes
associated with drug-induced hepatosteatosis in dogs. Steatosis and hepatosteatosis
refer to the accumulation of fat in the liver and can be one of the consequences of
alcohol abuse. Non-alcoholic steatosis, however, is associated with a number of
factors, including mitochondrial dysfunction (Pessayre er al. 2002), oxidative stress
(Robertson et al. 2001) and altered macrophage function (Diehl 2002).

A number of pharmaceutical agents, including amiodarone and perhexiline, can
induce these types of changes, resulting in hepatic steatosis (Berson er al. 1998).
The early molecular changes that underlie the development of hepatic steatosis are

<« Genomics——» «—— Proteomics ——»

Primary Primary
DNA —> RNA — mRNA — protein —
transcript product

Transcriptional RNA Translational Protein Protein
regulation processing regulation maturation modification

mRNA Protein
transport degradation

‘Mature’_> Active
protein protein

mRNA
degradation

Figure 1. A simplified linear representation of the process of gene expression, from structural gene to
active protein, indicating some of the complex, independently regulated processes involved.
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unclear, and the aim of this study was to elucidate the molecular pathways that are
perturbed by a steatotic agent and to identify biomarkers that may potentially be
used in primary hepatocyte cultures to identify possible hepatosteatotic agents.

The candidate pharmaceutical #6021 has been shown to cause focal necrosis
and microvesicular steatosis in the livers of treated dogs. Such changes were not
observed in rodent studies, and it is likely that the apparent canine-specific effect is
due to differences in exposure. For these experiments, we chose to use dog primary
hepatocyte cultures, since a dog  vivo study was felt to be impractical for
generating the early time-course material required in these experiments. Also, use
of this i vitro system should overcome the difficulties and sources of variation
associated with compound administration and inter-animal variation.

The lack of annotated gene information in dogs has up to now precluded the
development of dog gene arrays for transcript profiling, so the technique of
suppression subtractive hybridization (SSH) was employed for these studies. SSH
is an improvement over conventional subtractive hybridization in that only two
rounds of subtraction are required and the likelihood of isolating differentially
expressed rare cDNAs is enhanced (Diatchenko ez al. 1996).

Initially, the cytotoxicity of #6021 in dog primary hepatocyte cultures was
determined in time course and dose—response studies using Alamar Blue
fluorescence (Nakayama er al. 1997) (Figure 2) to select appropriate concentra-
tions for the SSH experiments. Toxic and subtoxic concentrations of 20 pM and 2
UM #6021, respectively, were selected. After exposure of hepatocyte cultures to
these concentrations for 24 h, the accumulation of lipid was demonstrated within
the cells using Nile Red staining (McMillian et al. 2001) (data not shown).
Separate cultures were exposed to these concentrations for 2 and 8 h; these time
points were selected in order to maximize the chances of obtaining early

90
80 -
70 A
60 -
50 -
40
30
20 p
10

0 1 T

0 5 10 15 20 25
Time (hours)

Fluorescence (rfu)

-0 14310 %30

Figure 2. Cytotoxicity of #6021 in primary dog hepatocytes. The key below refers to the concentration
of #6021 in nM. Cells were exposed to the indicated concentration of compound in the presence
of Alamar Blue reagent (Nakayama ez al. 1997), and the fluorescence in relative fluorescence units
(rfu) measured at 590 nm after 0, 1, 2, 4, 8 and 24 h to obtain a quantitative indication of cellular
toxicity.
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mechanistically relevant biomarkers. cDNA was prepared from treated cultures,
and the 20 pM #6021 samples were pooled and subtracted against cDNA from
vehicle-treated cultures. Both ‘forward’ and ‘reverse’ subtractions were performed
to allow isolation of both up- and downregulated transcripts. To determine whether
the subtraction had been successful, the relative levels of the abundant glycer-
aldehyde-3-phosphate dehydrogenase (GAPDH) cDNA in subtracted and unsub-
tracted populations were determined by PCR (Figure 3). This indicated that less
than 0.01% of the GAPDH cDNA remained following the SSH process. Putative
differentially expressed cDNAs were cloned into plasmid vectors, and 200 clones
(100 each putative up- and downregulated) were randomly selected for sequencing.
Some of the sequenced clones that could be identified from public sequence
databases are presented in Table 2. In addition, 33 clones were isolated that had no
matches in the database, and these represent potential novel biomarkers that are
currently being investigated further. The identified sequences included some genes
that are known to be abundantly expressed, for example albumin and ribosomal
proteins, indicating that the SSH process does not completely remove common
sequences. However, some of the sequenced cDNAs were from genes known from
the published literature to be associated with hepatosteatosis, for example genes for
cytochrome P450 2E1 (CYP2E1), stearoyl coenzyme A (stearoyl-CoA) desaturase
and apolipoprotein-All (apo-All). These were among those selected for evaluation
using RT-PCR. For these experiments, RNA samples from cultures treated for 2, 8
and 24 h with either 2 or 20 pM #6021 were analysed (Table 3). Interestingly, the
magnitude of the changes determined by RT-PCR was relatively small — it is
doubtful whether these types of changes would have been detected using
conventional subtractive hybridization. In most cases the RT-PCR results corre-
lated qualitatively with the SSH data, for example apo-All being downregulated,
CYP2E1 and apolipoprotein B-100 (apoB-100) being upregulated. The exception

C 8 7 6 5 4 3 2 1 M

«670 bp

Figure 3. Verification of subtraction of common cDNA sequences. Equal amounts of subtracted (lanes
1-4) and unsubtracted (lanes 5-8) dog liver cDNAs were analysed for the presence of the
common abundant sequence GAPDH using PCR. Lanes 1 and 5, 18 PCR cycles; lanes 2 and 6,
23 cycles; lanes 3 and 7, 28 cycles; lanes 4 and 8, 33 cycles. The intensity of the band in lane 4 is
between that of lanes 5 and 6, indicating that approximately 13 more PCR cycles are required to
obtain equal GAPDH amplification in subtracted versus unsubtracted cDNA. This suggests that
GAPDH is greater than 99.99% subtracted using this procedure. M, DNA markers; C, control
(GAPDH PCR product from dog liver cDNA).
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Table 2. Putative differentially expressed clones identified by SSH.

Description No. of sequences

UPREGULATED CLONES

Translationally controlled tumour-associated protein 1 (TCTP-1) 26
Ribosomal S27a protein 18
Albumin 11
Vitronectin

6
Cytochrome P450 2E1 (CYP2E1) 5
Serum response factor (SRF) accessory protein 1A 5
Apolipoprotein B-100 (apoB-100) 5
p21-Wafl 4
Insulin-like growth factor binding protein-1 (IGF-BP1) 4
Ribosomal S25 protein 4
Nuclear factor of activated T-cells-1 (NFAT-1) 4
Gene 33 polypeptide 3
Bile salt export pump (BSEP) 2
Tumour necrosis factor (TNF) regulating transmembrane protein 2
o-Antitrypsin 2
Phospholipase D2 2
Growth arrest and DNA damage induced-45 (GADD45) 1
Manganese superoxide dismutase 1
Metastasis inhibitory protein 1
Serum and glucocorticoid-regulated kinase (sgk-2) Ser-Thr kinase 1

DOWNREGULATED CLONES

Tissue inhibitor of metalloproteinase-3 (TIMP-3) 22
Uridine disphosphate glucuronosyltransferase (UDP-GT) 12
N-Cadherin 12
Calmodulin 11
Glutamate dehydrogenase 5
Stearoyl coenzyme A desaturase 5
Apolipoprotein-AIl 5
Ribosomal protein L30 4
Thrombospondin 4
Activated C kinase 4
Rab14 guanosine triphosphatase (GTPase) 3
Albumin 2
F box protein 9 (FBX9) 2
Ribosomal protein S6 2
R-Cadherin 2
Heat shock protein 70 (HSP70) 1
Cathepsin Z 1
Glucocerebrosidase 1
Annexin A2 1
Cathepsin Y 1

Upregulated clones were isolated following ‘forward’ subtraction (#6021-treated minus untreated);
downregulated clones were isolated following ‘reverse’ subtraction (untreated minus #6021-treated).
The number of sequences indicates the number of times the clone was independently isolated using
SSH. Clones shown in bold are abundant, presumably common sequences that have come through the
subtraction process; clones underlined are those that have been identified in the literature as being
associated with hepatosteatosis. The clones shown are those that gave robust identifications in the
European Molecular Biology Laboratory (EMBL) sequence database. Other clones could not be
identified and represent potentially novel differentially expressed sequences.

was stearoyl-CoA desaturase, which was slightly upregulated in the RT-PCR
experiments whereas SSH suggested a downregulation by #6021.

In summary, in these experiments the SSH technique facilitated the identifica-
tion of a number of potential genetic biomarkers, including some novel ones, which
would have been difficult by other means given the paucity of gene sequence
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Table 3. RT-PCR analysis of clones identified by SSH.

Treatment
duration
#6021
Clone (M) 2h 8h 24h
Apolipoprotein-AIl 2 1.3 0.5 2.8

Apoprotein B-100 2 2 09 2
20 1.5 2.3 1.6

Cytochrome P450 2E1 (CYP2El) 2 1.5 0.8 0.5
20 1 4.2 0.5

Manganese superoxide dismutase 2 1.2 0.7

Stearoyl coenzyme A desaturase 2 08 07 2

Translationally controlled tumour-associated protein (TCTP) 2 1.1 0.7 2

Transmembrane protein induced by tumour necrosis factor-o. (TMPIT) 2 1 0.7 0.6
20 09 1.9 2.2

The values given indicate fold-changes relative to vehicle controls at the same time point. Clones
that were up- or downregulated by greater than 1.5-fold are indicated by bold and italic type,
respectively.

information in the dog. A parallel series of experiments is currently in progress
using rat primary hepatocytes and gene arrays, which should help with corrobora-
tion of the dog SSH results.

Conclusion

Although the concept of toxicogenomics has been around for a few years, the
real impact of this technology has still to be felt in drug safety assessment in terms
of facilitating toxicity input early in drug discovery programmes and in reducing the
‘attrition rate’ of candidate drugs failing due to adverse animal toxicity. This can be
attributed in part to technology issues such as inter-experiment variation, the inter-
animal variation that has always hindered interpretation of toxicity studies, and
problems associated with handling and analysing large data sets. However, many
within the field remain optimistic that the application of genomics technology to
toxicology will provide useful benefits, not least in the delivery of robust mechan-
ism-associated genetic biomarkers for toxic endpoints in preclinical and clinical
situations. This view is supported by the huge investment that continues to be
made in toxicogenomics, coupled with encouraging reports at conferences and in
the literature. Although companies have hitherto been understandably reluctant
to use transcript profile data to support drug regulatory packages, this may change
when there is a general acceptance in the wider scientific community of the repro-
ducibility and robustness of this type of data. International collaborative pro-
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grammes such as the International Life Sciences Institute (ILSI) sponsored com-
mittee on the ‘Application of Genomics Technology to Mechanism-Based Risk As-
sessment’ should help bring this about. Encouragingly, there are signs that the
regulatory authorities themselves are adopting an inclusive attitude to genomics
technology.
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