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1. Introduction

Toxicogenomics is an emerging scientific discipline that
combines the tools of traditional toxicology with those of
genomics, bioinformatics, and high throughput experi-
mentation (1). The underlying premise of toxicogenomics
is that a global assessment of the biology of chemical
exposure will lead to a more thorough understanding of
how toxicants act. It is the promise of toxicogenomics that
such information will lead to better judgments regarding
human health risks and improved pipelines for the next
generation of therapeutics.

Toxicogenomics had its origins in the technologies
related to transcriptional profiling. To date, dozens of
manuscripts have appeared in the peer-reviewed litera-
ture that employ global transcriptional profiling methods
to link toxic sequelae with changes in specific batteries
of mRNAs. These data sets have the potential to provide
insights into toxic mechanism and to identify sensitive
biomarkers of exposure. These early experiments also

* To whom correspondence should be addressed. Tel: 608-262-2024.
Fax: 608-262-2824. E-mail: Bradfield@oncology.wisc.edu.

MARCH 2005

VOLUME 18, NUMBER 3

© Copyright 2005 by the American Chemical Society

10.1021/tx0496690 CCC: $30.25 © 2005 American Chemical Society
Published on Web 03/21/2005



define the most prominent obstacle to toxicogenomics.
That is, how do we gain insight from descriptive data
sets that are of a volume and a type that are unprec-
edented in modern toxicology?

The methods of toxicogenomics are varied. In the most
common approach, the chemical response is described by
profiling the corresponding changes in cellular mRNAs,
proteins, or metabolites (1-3). In the complementary
approach, the toxic pathway is interrogated by employing
high throughput functional screens to assess the influ-
ence of sets of transcripts, proteins, or small molecules
on a given biological process (4). Taken together, these
avenues allow the toxicologist to investigate the relation-
ship of thousands of gene products or small molecules to
toxic mechanism.

In this review, we will summarize the current state of
the art in toxicogenomics, with particular emphasis
placed on the application and interpretation of transcrip-
tional profiling. The focus of this review was the result
of the rapid acceptance of this tool in modern toxicology.
The fact that the volume of such data is increasing in
the scientific literature has required the toxicology com-
munity to understand and interpret such data. Another
reason to review transcriptional profiling is related to the
importance of these prototype data sets as model systems
that will be used to move the science of toxicology
forward. In this regard, although transcriptional profiling
data can be viewed as an important example of the power
of toxicogenomics, the tools being developed to interpret
these data are setting the stage for how data from
parallel approaches will be analyzed in the future.

2. Microarray Studies
Central to the field of toxicogenomics has been the use

of DNA microarray technology. Microarray technology
can be defined as the use of high-density DNA probe sets
to simultaneously assay the transcriptional states of
hundreds to thousands of genes (5). These transcriptional
states are usually recorded as a relative value where the
experiment measures the differential response of each
gene between control and experimental conditions. Dif-
ferentially expressed genes are those that are found to
be different, based upon some statistical or often informal
assessment.

2.1. Basics of Microarray Analysis

The term “microarray” encompasses a wide variety of
strategies and technologies. In general, the term refers
to an array of hybridization targets that can be simul-
taneously assayed (5). With respect to transcriptional
profiling, these targets are made from DNA. The two
main approaches used for transcriptional profiling are
based on either single or double “fluor” protocols. In the
single fluor protocol, the control and experimental samples
are hybridized against separate microarrays. The data
are then related, with expression ratios calculated from
the values of the two microarrays. The alternative is the
use of two fluors with different excitation and emission
spectra, where both the control and the experimental
samples are hybridized against the same microarray (5).
The expression ratio is then calculated from the data for
the two samples at the same location. In experiments
using the double fluor protocols, it is common that
hybridizations are performed in both color directions. For
example, the fluor Cy3 is used to label the control and

fluor Cy5 is used to label the experimental sample in the
“forward” direction. In the “reverse” direction, Cy5 is used
to label the control and Cy3 is used to label the experi-
mental sample (6-8).

Data collected from a microarray experiment are
commonly presented through the generation of a “heat
map”. In such a display, the experiment is presented as
a two-dimensional grid with the experimental condition
as one axis and the transcript identity as the other axis.
Each coordinate on the grid is then color shaded accord-
ing to the change in gene expression of that particular
treatment. In the most common convention, transcripts
that are up-regulated are colored red and transcripts that
are down-regulated are colored in green (Figure 1a).

Global expression profiles are often organized using an
unsupervised approach known as “clustering”. For the
purpose of this review, the complete set of transcriptional
changes occurring in response to an experimental condi-
tion is referred to as a “profile”. In a method known as
hierarchical clustering, treatments are “clustered” based
on the similarity of changes in target expression. Alter-
natively, targets may be clustered based on their expres-
sion changes across treatments. A statistical metric,
usually a correlation coefficient or Euclidian distance, is
then calculated to rank the similarity between each
profile. A hierarchical tree is then created based upon
these metrics until a single dendogram is formed (Figure
1a) (9). Distances in branches of the resulting tree
correlate with similarity, with short branches signifying
close relationships. The underlying data are then plotted
as a heat map next to the dendogram to produce a full
visualization of the data.

One related form of clustering that has been used
extensively in toxicogenomics is K means. In K means
analysis, targets are again grouped based on similarity
of expression, except that the number of clusters is
defined a priori (10). That is, transcripts that are to be
clustered are forced into a preset number of cluster
groups. Targets are then reassigned to different cluster
groups until the distance metric is minimized within a
given cluster group and maximized between the cluster
groups (Figure 1b).

A third form of clustering that is commonly used is
principle component analysis (PCA) (11). PCA collapses
multiple values into “eigenvectors” generated from ma-
trices of gene expression data that retain much of the
data variability. These eigenvectors can be comprised of
any number of individual target data points. The eigen-
vectors can then be plotted to give relative locations of
profiles. Again, the distance between profiles in this space
directly correlates with similarity. In this manner, a gene
expression experiment that may contain hundreds of
vectors can be reduced to three dimensions (Figure 1c).

2.2. Design of Microarray Experiments

Experimental design affects the information that can
be gained from a microarray. Design issues affect all
microarray experiments but are especially critical for two
color hybridizations. This section deals exclusively with
those issues.

The most common designs used in transcriptional
profiling experiments are referred to as “direct”, “refer-
ence”, and “loop” (6-8). In the direct design, the control
sample is hybridized directly against the experimental

404 Chem. Res. Toxicol., Vol. 18, No. 3, 2005 Hayes and Bradfield



sample with different color fluors for each sample (Figure
2a,b). The reference design employs the hybridization of
both the control and the experimental groups against a
common reference RNA sample (Figure 2c). In the loop
design, biological replicates from multiple groups are

sequentially hybridized against one another until all of
the samples have been connected (Figure 2d). For all
methods, biological variance may be estimated by repli-
cation of several biologically independent samples (Figure
2b,c).

Figure 1. Depiction of various unsupervised clustering methods of four acetaminophen and three TCPOBOP dosed liver samples
using 92 targets that have a minimum 2-fold change in at least two experiments. (A) Hierarchical cluster of the 92 targets. The
colorimetric display clearly shows the differential expression of the targets and the directions of the regulation. Also note that both
targets and treatments have been shown, displaying the relationships between both targets and treatments. (B) K means cluster of
the 92 targets after defining six clusters. (C) PCA of the same seven treatments using the 92 targets. Experiments have been plotted
into 3D space using the three eigenvectors from PCA. The plot shows the great differences (distances) between the two treatments
and that one acetaminophen treatment (APAP2) differs from the other three.
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The question being asked influences the choice of
direct, reference, or loop design (6-8). In a time course
experiment, the identification of differentially expressed
targets at a particular time is often the objective. When
the experiment attempts to identify a list of targets
changing at a particular time, a direct strategy that
compares each time point to a time-matched control
provides the most sensitivity (Figure 2e). When the
experiment is an attempt to understand how targets
change over time, then a loop strategy comparing each
time point against the preceding and subsequent points
is a more appropriate choice (Figure 2g). This design
provides less sensitivity with respect to changes but
provides better information on the influence of time on
a particular target. When both the identity of targets and
the temporal nature of their changes are important, then
the reference design might be of greatest value (Figure
2f). This design provides the magnitude of the change
and the temporal relationship but at a cost of statistical
power for both.

3. Transcriptional Profiling of the Chemical
Response

One area of great promise for the field of toxicogenom-
ics is its use in providing more efficient identification of
hazardous chemicals. If the concept of classification by
transcriptional profiling can be developed, the profiles
elicited by an unknown compound can be compared to
those induced by known toxicants. When similarities to
a known class of toxicants are found, this information
may be used to prioritize those chemicals that require
further toxicological study. Similarly, it may quickly
identify those compounds that can be expected to pose a
particular human or environmental risk by comparison
with known contaminants.

The prospect of transcriptional profiling is based on
the assumption that chemicals with similar toxicology
may also invoke similar patterns of transcriptional
response. Early studies using prototype chemicals sup-
port this idea (12-15). The use of microarray-based
profiling in response to well-characterized compounds has
confirmed known transcriptional targets, provided pre-
liminary evidence of distinctive signatures of these
compounds, and added to our knowledge of novel chemi-
cally induced targets (16).

3.1. Mechanism of Chemical Action
There are several mechanisms by which chemicals

invoke similar transcriptional profiles in vivo. The first
is that toxic chemicals often induce cognate adaptive
metabolic pathways. This adaptation to xenobiotic expo-
sure is exemplified by the rapid metabolic response to
polycyclic aromatic hydrocarbons and phenobarbital (17,
18). The second general mechanism underlying similarity
in transcriptional response is that gene expression often
changes as the consequence of pathological events (19).
For example, inflammation can influence transcriptional
profiling either by direct up-regulation of cytokine re-
sponsive genes or through granulocyte recruitment (20).
A third example of how chemicals might influence the
transcriptional profile of a tissue is from the appearance
of differentiated cell types. An example of this phenom-
enon is the rapid differentiation of epithelial cell types
in response to pollutants such as 2,3,7,8-p-tetrachloro-
dibenzodioxin (21).

3.2. Chemical Classification

The idea that chemicals can be classified based upon
their influence on global transcription has considerable
support from the related field of molecular oncology. In
this arena, early studies have demonstrated successes
from using transcriptional profiles to differentiate tumor
types. Examples include the use of microarrays to
discriminate between soft tissue tumors, which can be
difficult to histologically diagnose, the discrimination
between primary tumors and metastases, and the cor-
relation between target expression and efficacy of a large
battery of chemotherapeutic agents (22-25). Further
studies have advanced this field by correlating gene
expression patterns with clinical outcomes (26). These
results suggest that pathological states can be categorized
based on transcriptional profiling in addition to classical
histological methods.

A number of recent publications support the potential
of transcriptional profiling in toxicology. In one method,

Figure 2. Various experimental designs commonly used in
microarray experiments. In each panel, a box depicts a RNA
sample, with each arrow corresponding to a microarray hybrid-
ization. The RNA sample at the head of each arrow is labeled
with Cy3, and the RNA sample at the tail of each arrow is
labeled with Cy5. (A) A direct hybridization using “dye swap”.
(B) A direct dye swap design with biological replication. (C) A
reference hybridization design wherein both control and experi-
mental samples are hybridized against a common reference
RNA. This reference RNA need not have relevance to the
experiment. (D) A loop hybridization design where each sample
is connected to successive samples, until all samples are related,
closing the loop. (E) A time series design where each time point
is hybridized to a control sample, increasing the precision at
determining which targets are regulated differently from the
control state. (F) A time series design where a reference sample
is hybridized against all time points, increasing the relative
accuracy between time points. (G) A time series loop design that
increases the precision in determining how targets change over
time.
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chemicals are classified using an approach based on
Bayesian probability (27). In an early example, expres-
sion profiles are generated from 24 different chemicals
and then assigned to five toxicological classes based upon
known mechanisms of action. Each DNA target is then
tested for its potential to classify the treatments correctly,
and the best overall classifier is selected. Additional
targets are then added to the model in a sequential
manner. Cross-validation was accomplished via a leave-
one-out-across method for each addition. A “diagnostic
set” was then selected from the minimum number of
targets that produced the maximum classification ac-
curacy.

Classification of chemicals has also been accomplished
by linear discriminant analysis and genetic algorithm/
K-nearest neighbors (GA/KNN) (28). In this example, a
training set of transcriptional profiles was generated from
four chemicals, three representing one class of toxicant
and one representing another. The GA/KNN method was
then used to select informative genes that were able to
discriminate the classes. Twenty-two samples of chemi-
cals were then profiled and tested for membership in
these two classes.

A related study examined the correlation between
global gene expression changes and carcinogenic poten-
tial, providing an example of how classification can be
accomplished based upon pathological knowledge (29). In
this study, changes in gene expression for nine chemicals
at multiple doses were correlated with their known
carcinogenic potency. Several targets were highly cor-
related with carcinogenic potential in a five day assay.
These targets include cytochrome P450 oxidoreductase
and “transforming growth factor-â stimulated clone 22”.
The ability to test compounds for carcinogenic potential
in a short-term assay could have a significant impact on
the development and regulatory decisions for pharma-
ceutics and industrial chemicals.

While these studies have shown great promise, many
problems still remain. With over 70 000 chemicals in
commerce today, a robust method that can incorporate
and accurately predict toxicity must first be validated on
much larger sets. In this regard, it remains to be seen if
any of these algorithms are able to accurately predict
toxicity as the number of classes and chemicals within
each class increase. Future algorithms may take into
account extra knowledge about the function and relation
of targets in classifier sets to help refine accuracy as sets
grow.

4. Toxicogenomic Databases

The potential for microarray data to provide insights
into chemical classification and toxic mechanism is highly

dependent upon methods for the sharing of transcrip-
tional profiles across laboratories. Although not specific
to toxicology, general repositories of transcriptional
profiles are now emerging on-line (30, 31). The impact
of such databases on toxicology will be related to how
efficiently laboratories can access and interpret this
growing volume of data, how these different data sets
can be related to one another, and how well these data
can be linked to additional toxicological information.

The ability to understand microarray results is de-
pendent on the technical information that is supplied
with the data. A clear report of the methods used to
analyze the data is crucial in the interpretation of related
conclusions. To this end, the Microarray Gene Expression
Data Society proposed the “Minimum Information About
a Microarray Experiment” (MIAME) guidelines for re-
porting and publication of microarray experiments (32).
These guidelines suggest the reporting of all raw mi-
croarray data and mathematical transformations. Nu-
merous journals now require adherence to these guide-
lines for publications involving microarray experiments
(33, 34).

Comparison of gene expression data across laboratories
has been problematic (35). Standardization of protocols
and use of common platforms are one way to reduce
interlaboratory variation (36). Unfortunately, such stan-
dardization is not easily achieved due to the large number
of platforms and protocols available to the scientific
community (35, 37-40). Another factor that inhibits
comparisons across laboratories is related to the different
informatic strategies that have been used to annotate
targets (41-43). The differing nomenclature that can
result from these strategies can confound comparisons.
This problem may be reduced, as genomes are more
carefully sequenced and curated. Taken in sum, these
findings highlight the difficulties in comparing any single
profiling experiment with the existing data in the toxi-
cogenomics literature.

5. Basic Resources for Transcriptional
Profiling

The development of open access genomic databases is
beginning to provide the toxicologist with the resources
to better interpret profiling experiments. General re-
sources with relevance to toxicology are described below.

5.1. Gene Expression Omnibus (GEO)

The GEO at the National Center for Biotechnology
Information has become the largest microarray repository
in the world (Table 1) (31). The GEO serves as a central
warehouse for over 18 000 microarray experiments from

Table 1. Listing of Web Accessible Genomic Databases with Appropriate URLs

resource URL type

Tox-MIAME Express http://www.ebi.ac.uk/tox-miamexpress/ protocol
CEBS http://cebs.niehs.nih.gov/microarray/index.jsp database
ArrayExpress http://www.ebi.ac.uk/arrayexpress/ database
GEO http://cebs.niehs.nih.gov/microarray/index.jsp database
SYMATLAS http://symatlas.gnf.org/SymAtlas/ database
NCT http://www.niehs.nih.gov/nct/home.htm consortium
TRC http://www.niehs.nih.gov/dert/trc/home.htm consortium
EDGE http://edge.oncology.wisc.edu/ database
PharmGKB http://www.pharmgkb.org/index.jsp database
dbZach http://dbzach.fst.msu.edu/ database
RefSeq http://www.ncbi.nlm.nih.gov/RefSeq/ database
CTD http://ctd.mdibl.org/ database
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numerous branches of biology. Adherence to MIAME
guidelines allows the user to interpret the quality and
analysis of the data. Although only a small fraction of
the database, data for many toxicology experiments are
available. In addition to its repository, the GEO is adding
visualization tools, such as hierarchical clustering for
data within a series. These visualization tools allow user
interaction but do not currently allow analyses of data
subsets or data outside of the series. Although this
resource does not address cross-laboratory variation, it
serves as a powerful tool for data mining and hypothesis
generation.

5.2. ArrayExpress

ArrayExpress is a large public data repository based
at the European Bioinformatics Institute (EBI) (30).
Containing data on more than 5000 microarray hybrid-
izations, ArrayExpress serves as the second largest
microarray data repository in the world. The EBI has
worked with the MGED society to create an additional
set of controlled vocabularies to describe toxicogenomic
experiments, MIAME/Tox (Table 1). It has also developed
a database to house these experiments, Tox-MIAMEx-
press (Table 1). Tox-MIAMExpress works by incorporat-
ing descriptive data about toxicology experiments (i.e.,
dose, route of administration, treatment time, etc.) using
the controlled vocabulary into the existing ArrayExpress
database schema. This new subsystem of the ArrayEx-
press represents one of the first attempts to create a
public repository for toxicogenomic research.

5.3. Symatlas

Symatlas is a specialized database that is maintained
by the Genomics Institute of the Novartis Research
Foundation (44). This database is a catalog of gene
expression in varying tissues and cell culture models
(Table 1). Comprised of microarray data for 79 human
tissues, 61 mouse tissues, and 43 rat tissues, the expres-
sion of approximately 22 000 targets can be interrogated.
This resource allows researchers to identify tissues or cell
culture models where their gene of interest is expressed.
It also allows for screening of potential target tissues
based on expression patterns of receptors and effectors.
As with many of the databases, Symatlas devotes a good
amount of resource toward proper annotation and func-
tion. To this end, the targets are continually reanalyzed
and updated, linking each to a wide array of outside
literature and structural and functional databases.

6. Toxicogenomic Resources

6.1. National Center for Toxicogenomics
(NCT)

The mission of the NCT is to coordinate a nationwide
research effort to develop the use of genomic tools in
toxicology (45). Recently, the NCT has developed a
multicenter effort known as the Toxicogenomic Research
Consortium (TRC) (Table 1). Although the efforts of the
NCT and TRC are only now emerging, one result has
been the development of a database providing access to
recent publications and selected raw data from microar-
ray experiments. It is proposed that the efforts from the
NCT and the TRC will be housed in the Chemical Effects

in Biological Systems (CEBS) knowledge base (Table 1).
Although at the time of this review the CEBS knowledge
base was still in development, this resource will eventu-
ally relate toxicogenomic data with gene function, poly-
morphism data, and proteomic information (46).

6.2. Environment, Drugs, and Gene
Expression (EDGE)

The EDGE database is a publicly accessible microarray
resource that is devoted to toxicogenomic research (47).
The EDGE resource circumvents many of the issues
associated with data comparison described above. This
is accomplished by the centralization of the microarray
experiment performance and the use of a standardized
microarray platform. The EDGE represents a database
as well as a resource as it accepts samples from outside
researchers for analysis. This allows researchers with
little microarray experience the ability to compare their
data with a large volume of toxicogenomic data under
similar conditions. The EDGE also offers a number of
powerful informatic tools that allow users to direct their
analyses. These tools include hierarchical and K means
clustering, BLAST searching, rank analysis, and clas-
sification tools. These analyses are not prerun but
directed by the user so that novel comparisons between
any data in the database may be performed (47). Al-
though the EDGE resource is currently focused on
toxicogenomics of mouse liver, the resource is expanding
to other organ systems and has been shown to be useful
in profiling samples from rat models.

6.3. Pharmacogenomics Knowledge Base
(PharmGKB)

The PharmGKB provides a catalog of the interaction
between genes and drugs (Table 1) (48). For each known
gene-drug interaction, PharmGKB provides a link to the
corresponding literature, as well as known human poly-
morphism for that gene. It also relates the known genetic
variation with primary data on metabolism, efficacy, and
clinical outcome. In summary, this database provides a
powerful tool to help researches understand how genetic
constituency might influence the toxic response to xeno-
biotics.

6.4. Emerging Toxicogenomic Databases

While the databases discussed above are currently
accessible, numerous others are under development and
will be available soon. Several of these will have direct
application to toxicogenomics. In this regard, the dbZach
database will house microarray data and analysis tools
with particular emphasis on endocrine disruption and
testicular toxicity (Table 1). Similarly, the Comparative
Toxicology Database (CTD) will provide associations
between toxic agents and biological systems (Table 1).
Ultimately, the linking of all of these databases should
provide the toxicologist with rich online resources to
strengthen hypotheses, direct experiments, and under-
stand chemical actions.

7. Comparative and Computational Genomics

In addition to gene profiling, a number of recent
advances are providing researchers with new tools that
can help provide insight into chemical-biological interac-
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tions. Probably most important in this regard was the
sequencing of multiple vertebrate genomes (49-53). A
parallel result has been the identification of genes and
their regulatory regions by both experimental and com-
putational methods (49, 50). These advances are only
beginning to be employed by toxicologists to answer
questions regarding toxicant mechanism of action.

7.1. Comparative Genomics

The sequencing of multiple vertebrate genomes has
allowed detailed comparison of the sequences that encode
genes and their regulatory elements across species.
Multispecies comparisons have indicated that about 70%
of conserved sequences lie outside of exonic regions (54,
55). Conserved regions within and flanking genes are
largely thought to represent conserved regulatory do-
mains that control expression of nearby loci. These
comparisons have made it possible to build statistical
models for putative transcription factor response ele-
ments for any loci with conservation across species (56,
57) (Figure 3). It is proposed that genes that have
positionally conserved elements are highly likely to be
functional elements (56, 57). Nonconserved elements may
also provide insight, as they may explain differential
responses across species. Such knowledge could have a
great impact on toxicology research and regulatory
decisions based on animal models.

7.2. Comparative Genomic Hybridization
(CGH)

Another genomic advance has been the development
of CGH arrays. These arrays were first used in profiling
chromosomal translocations, insertions and deletions in
tumors (58). More recently, researchers have coupled
Chromatin Immunoprecipitation (ChIP) with genomic
arrays, or “ChIP chips”. The ChIP chips provide an
empirical method for discovering promoter occupancy by
transcription factors given an experimental state. This
approach can complement expression profiling as it may
allow a link between promoter occupancy and chemically
induced transcriptional response (59).

7.3. Microarrays and the Genome

Given that the majority of genes have been physically
mapped in human and mouse, it is becoming possible to

link gene expression data with chromosomal location.
Linking data in this manner allows researchers to look
for chromosomal “hot spots” that may be under control
of a common element. It also has the potential to gauge
the availability of genomic DNA to chemically activated
transcription factors due to chromatin structure. A
promising direction of this research that is only beginning
to be realized is the linking of gene expression data with
quantitative trait loci data (60). This marriage of classic
genetics with functional genomics will allow for much
quicker identification of important genes, such as those
associated with the innate immune response or toxicant
susceptibility.

8. Relating Profiling Data to Signal
Transduction Pathways

Microarrays have considerable power to reveal global
transcriptional changes in response to a chemical insult.
This approach has the potential to identify sets of
coordinately regulated genes. One approach to making
these connections is to first assume that all genes are
regulated independently and then look for deviations
from this prediction. Genes whose profiles show correla-
tion can then be examined for coordinated regulation and
associated biology.

8.1. Pathway Mapping

The process of overlaying microarray data onto biologi-
cal networks is commonly known as “pathway mapping”.
One advance in the field of pathway mapping is in the
development of gene annotations using a controlled
vocabulary. The Gene Ontology Consortium (GO) has
provided a framework that has supplied functional an-
notations to over 14 000 mouse genes, 10 000 rat genes,
and 9500 human genes (61). These annotations are
divided into three subsections: biological process (e.g.,
toxin metabolism), molecular function (e.g., insulin recep-
tor activity), and cellular component (e.g., Golgi vesicle).
By coupling such databases to results from microarray
experiments, one can query groups of targets to search
for “overrepresented” or “underrepresented” GO terms.
In this way, insight into any related functionality of a
coregulated cluster can be gained in an unsupervised
manner.

Investigators are also taking a direct approach and
overlaying microarray results onto information about

Figure 3. Genomic map of exons one and two of the WNT2 gene with multispecies conserved sequences. This figure illustrates six
large regions surrounding the first two exons and the transcriptional start site that show high correlation between distant species.
Noted is a site enriched for the hepatic nuclear factor (HNF) binding site, which has long been proposed to regulate WNT2.
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signal transduction or metabolic pathways. Pathways
ranging from metabolic routes to signal transduction
cascades are annotated into gene networks. These net-
works can then be overlaid with data from a microarray
experiment (62, 63) (Figure 4). Using such an approach,
chemically induced shifts in metabolic pathways can be
defined. These analyses are highly supervised and are
limited by both the scope of the annotations and the
number of pathways that have been mapped in the
database.

Prior knowledge on the function of genes can also be
used to strengthen analyses. By looking at sets of genes
known to interact biologically, it has been found that sets
of genes that share a pathway or function are changed
coordinately and detected with increased statistical

sensitivity (64). Alternatively, when single target DNAs
in the study are examined individually, statistical sen-
sitivity is reduced. Applying this approach to toxicoge-
nomics has the potential to identify pathways that may
be minimally affected by a toxicant, but that contributes
significantly to pathology.

8.2. Protein Interaction Networks (PINs)

PINs provide a powerful approach to map toxicant-
affected pathways. Construction of these networks in-
volves building a database from known gene-gene
interactions and using experimental results to identify
subnetworks of participant genes. The basis of these
networks can be built from any number of interaction
databases: protein-protein, transcriptional activation/
repression, protein modification/degradation, etc. (65).
After importation of an experimental data set, a map can
be drawn containing clusters of interacting genes. The
complexity of these maps is dependent on the number of
interactions in the database as well as the size of the
experimental sample. Given their smaller genomes,
initial databases are biased toward signaling in simpler
organisms. Thus, the majority of initial studies have
focused on simpler organisms, such as Saccharomyces
cerevisiae (4). Computational methods for searching the
known literature and building databases for higher
organisms are being developed that allow for analysis of
more complicated systems (66-69).

9. Toxicogenomics in Drug Development

Advances in toxicogenomics will have applications in
drug design and development. The use of microarray
technology holds promise to speed drug discovery pipe-
lines, increase therapeutic index, and target therapies
to an individual’s response (70, 71).

This technology is now being used to identify patients
in need of treatments and which treatments to prescribe.
Recent studies on breast cancer suggest that in many
cases gene profiling data can more accurately predict
patient outcome than traditional methods (26, 72-74).
Clinical trials are now underway using data from mi-
croarrays to match patients with treatment regimens
(74). The U.S. Food and Drug Administration is also
interested in how this technology is to be incorporated
into the clinic (75). New rules and guidelines are now
being worked out so that a wide range of microarray
diagnostic tools may be employed.

10. Environmental Regulation

The impact of toxicogenomics on environmental regu-
latory decision has yet to be determined. While one use
of toxicogenomics is to predict the toxicity of environ-
mental and industrial compounds, the details of how this
information will be used are as yet unclear. Toxicoge-
nomics data have a great potential to verify toxicities of
related compounds that are regulated under one rubric.
An example of this application lies in the toxic equiva-
lency factors (TEFs) for dioxins, dibenzofurans, and
polychlorinated biphenyls (76-78). The TEFs for these
compounds are constructed from both in vivo and in vitro
studies and can be created from a number of end points.
The power of toxicogenomics to profile these compounds
and compare their relative effects across the genome may
aid the choice of biomarkers used in hazard prediction.

Figure 4. Fatty acid degradation pathway overlaid with
microarray results. GenMAPP (62) was used to create a map
overlaid with results from a mouse model of cardiomyopathy
(Conklin, unpublished). The figure illustrates a shift from
Acetyl-CoA production toward glycolysis by up-regulation of a
rate limiting enzyme (glycerol kinase, shown in red) and the
coordinated down-regulation of an entire pathway (shown in
blue).
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11. Conclusions

Toxicogenomics is a field that is emerging from idea
to practice. Problems associated with platform and data
compatibility, completeness of information, assimilation
into usable databases, and statistical power still require
considerable attention. Once addressed, toxicogenomics
can emerge as a powerful tool for hazard prediction,
mechanistic understanding, and drug development. The
integration of transcriptional profiling, gene function
annotation, statistical methodologies, and informatics
will have great utility in the field of toxicogenomics.
Powerful tools to accomplish this integration are cur-
rently being constructed and tested. These tools, and
others in development, will shed light into the mecha-
nisms of the vast numbers of chemicals in commerce
today whose toxic properties are poorly understood.
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