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ABSTRACT
Transcriptional profiling via microarrays holds great promise for
toxicant classification and hazard prediction. Unfortunately, the
use of different microarray platforms, protocols, and informat-
ics often hinders the meaningful comparison of transcriptional
profiling data across laboratories. One solution to this problem
is to provide a low-cost and centralized resource that enables
researchers to share toxicogenomic data that has been gener-
ated on a common platform. In an effort to create such a
resource, we developed a standardized set of microarray re-
agents and reproducible protocols to simplify the analysis of

liver gene expression in the mouse model. This resource, re-
ferred to as EDGE, was then used to generate a training set of
117 publicly accessible transcriptional profiles that can be ac-
cessed at http://edge.oncology.wisc.edu/. The Web-accessible
database was also linked to an informatics suite that allows
on-line clustering and K-means analyses as well as Boolean
and sequence-based searches of the data. We propose that
EDGE can serve as a prototype resource for the sharing of
toxicogenomics information and be used to develop algorithms
for efficient chemical classification and hazard prediction.

More than 80,000 chemicals are in commercial use in the
United States. This number, plus the addition of approxi-
mately 2000 new chemicals each year, makes it impossible to
properly assess the toxicity of each compound in a timely
manner (http://ntp-server.niehs.nih.gov). It has been pro-
posed that the toxicity of chemicals may be predicted based
upon how they influence patterns of global gene expression
and how these patterns correlate with profiles induced by
prototype chemicals (Amin et al., 2002; Thomas et al., 2002).
Preliminary attempts at toxicant classification have been
successful using approaches such as hierarchical clustering,
linear discriminant analysis, and Bayesian statistics. For
small data sets, such approaches have yielded predictive
accuracies approaching 90 to 100% (Thomas et al., 2001;

Hamadeh et al., 2002a,b; Kramer et al., 2004). The idea that
transcriptional profiles will soon become a standard compo-
nent of toxicology assessment is supported by the observation
that the United States Food and Drug Administration
recently released a “Guidance to Industry” designed to facil-
itate the use of such data in the regulatory process (http://
www.fda.gov/cder/guidance/5900dft.pdf). This document sug-
gests that future regulatory decisions on drugs and other
chemicals are likely to be influenced by the transcriptional
profiles they elicit.

Given that regulatory toxicology is largely a descriptive
science dependent on reproducibility of observations, many
problems must be solved before we can take full advantage of
the information found in a chemically induced transcrip-
tional profile. Issues related to data accessibility and stan-
dardization are among the most important factors that in-
hibit the comparison of gene expression data across
laboratories (Waring et al., 2004). For example, microarray
signals can be dependent on the sequence and size of the
target DNAs used in their generation (Kuo et al., 2002).
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Moreover, experimental results can be influenced by the dif-
ferent protocols for hybridization and analysis used across
laboratories (Waring et al., 2004). In theory, interlaboratory
variation can be reduced through the application of careful
calibration steps and standardization of protocols, but such
an effort may be difficult to implement globally (Baker et al.,
2004; Chu et al., 2004; Waring et al., 2004).

In an effort to address these issues, we have developed a
transcriptional profiling resource for the toxicologist that we
refer to as EDGE. This resource is a public database that
allows two modes of researcher interaction. First, investiga-
tors can query a large and growing database of toxicant-
induced transcriptional profiles that have been generated
using a common microarray protocol and platform. To aid in
this effort, the EDGE resource provides a series of informat-
ics tools that allow data organization and hypothesis testing
using a Web interface (http://edge.oncology.wisc.edu/edge.
php). Second, the EDGE resource accepts RNA sample sub-
missions from laboratories interested in developing novel
toxicant-induced transcriptional profiles for inclusion in the
open access database. Directed analysis such as this allows
investigators to rapidly compare their chemical responses of
interest with a large database of profiles that have been
generated on a common microarray platform and consistent
protocols.

Materials and Methods
Animals and Treatments. All animal experiments and treat-

ments were reviewed and approved by the Research Animal Re-
source Center at the University of Wisconsin or by the appropriate
oversight department of submitting institutions. Institutions,
strains, sex, ages, treatment vehicle, circadian time, and route of
administration are recorded for all experiments and can be found for
each experiment at the EDGE Web site.

Expressed Sequence Tag Libraries. Poly-A mRNA was iso-
lated from total RNA via the Oligotex kit (QIAGEN, Valencia, CA).
Construction of expressed sequence tag (EST) libraries was typically
performed by using the cDNA Timesaver kit (Amersham Biosciences
Inc., Sunnyvale, CA). In brief, 5 �g of poly-A was used to generate
first strand cDNA with an anchored poly-T oligonucleotide [dT(18)-
N] that also contained a NotI-specific restriction site. First strand
cDNA was then purified via a phenol/chloroform extraction. After
second strand synthesis, cDNA was again purified using phenol/
chloroform extraction. Ligation of adaptors containing an EcoRI site
was then performed and the cDNA was digested with both NotI and
EcoRI. The cDNA underwent size selection to give fragments with a
minimum size of 400 base pairs. The resultant cDNA was repurified
as described above and then directionally cloned into the NotI and
EcoRI sites of pGEM11zf- (Promega, Madison, WI)

Full-Length Libraries. Five micrograms of total RNA was de-
phosphorylated for 1 h using calf intestinal phosphatase (Strat-
agene, La Jolla, CA). The reaction was then cleaned up by a phenol/
chloroform extraction followed by ethanol precipitation. The mRNA
cap was then removed from the RNA using tobacco acid pyrophos-
phatase (Epicenter Technologies, Madison, WI). After phenol/chloro-
form extraction and ethanol precipitation, a custom RNA oligonucle-
otide sequence was then ligated to the mRNA using RNA ligase. A
reverse transcription reaction was performed using Powerscript re-
verse transcriptase (BD Biosciences, San Jose, CA). The cDNA was
amplified using the polymerase chain reaction (PCR), and products
were checked on an agarose gel for amplification success and quality.
The PCR products were purified using a PCR purification kit (QIA-
GEN) and digested with AscI and PacI enzymes corresponding to
sites incorporated during PCR. The PCI-neo vector (Promega) was

digested with AscI and PacI restriction enzymes to create comple-
mentary ends for directional cloning. The library was then ligated
into PCI-Neo, transformed into DH5a, and plated on agar plates with
kanamycin selection.

cDNA Microarray Construction. For the liver microarray,
clones were selected from a minimally redundant set of liver-derived
EST and full-length cDNAs to create a minimally redundant set of
clones. This was accomplished by screening them against the RefSeq
database of known gene products (Wheeler et al., 2004). This set of
clones was then fortified with cDNAs representing toxicologically
relevant genes such as drug-metabolizing enzymes (e.g., cyto-
chromes P450), inflammatory responsive genes (e.g., serum amyloid
a1), and genes that we have previously identified as useful in clas-
sification of chemicals (Thomas et al., 2001). All clones were then
sequence verified from both 3� and 5� directions. These cDNAs were
then amplified through PCR and purified using the Millipore Ultra-
Screen system (Millipore Corporation, Billerica, MA). The cDNAs
were then dried and resuspended in a 50/50 H2O/DMSO solution. Six
replicates of each cDNA were printed on each array using a Micro-
grid II (Genomic Solutions, Ann Arbor, MA) at a pitch of 180 �m for
a total of 27,648 features per chip. The slides were then baked at
80°C for 3 h and stored in a desiccator until their use.

cDNA Annotation. The EDGE microarray was annotated based
on the sequence verifications of the PCR products. These sequence
verifications were then compared against the RefSeq database, as
described above. All clones that had a verifiable hit against a RefSeq
record were then annotated with the name given by RefSeq. All
transcripts in the text are called by the official RefSeq abbreviation.
For clones that had high-quality sequence information but did not
record a hit to RefSeq, sequence was compared against both the
Unigene and GenBank databases. These clones were then hand-
annotated based on the homology of these clones to the databases.
Hand-annotated clones are identifiable by all capitalized letters be-
ing used.

RNA Isolation for Microarray Studies. For RNA samples gen-
erated in-house, and the majority of submitted samples, total RNA
was prepared using the RNA Protect system (QIAGEN). Quality and
quantity of RNAs were determined on an Agilent 2100 Bioanalyzer
using the RNA Nano Labchip (Agilent, Palo Alto, CA). Typical RNA
samples are at a concentration more than 1 �g/�l, and the 280/260
absorbance ratio is between 1.7 and 2.0.

cDNA Microarray Hybridization. When the amount of total
RNA exceeded 20 �g, labeling and hybridizations were carried out
according to the Genisphere cDNA50 kit (Genisphere, Hatfield, PA).
The Genisphere cDNA350 kit was used when total RNA was less
than 20 �g. In brief, RNA is reverse-transcribed into cDNA using
specific primers that contain a sequence complementary to an oligo-
nucleotide attached to a dendrimer containing Cy3 or Cy5 dye mol-
ecules. The labeled cDNA from both the treatment group and from a
pool of its corresponding control are then mixed and hybridized to the
liver microarray for 18 h. The arrays are then washed according to
the manufacturers’ specifications, and a second hybridization is per-
formed using DNA complementary to the capture sequences that is
covalently linked to a dendrimer containing 50 or 350 dye molecules
(cDNA50 or cDNA350 kit, respectively). All experiments were per-
formed using a “dye flop” experimental design where replicate hy-
bridizations of the same sample and control are performed in each
dye direction. That is, Cy3-labeled RNA from control sample is
hybridized against Cy5-labeled RNA from the treated sample in dye
direction 1, and Cy5-labeled control RNA is hybridized against Cy3-
labeled treated RNA in dye direction 2.

cDNA Microarray Image Acquisition and Analysis. After
hybridization, slides are scanned on a DNA Microarray Scanner,
model G2565BA (Agilent, Palo Alto, CA). Images are processed, and
the data are extracted using Agilent Feature Extractor software.
Further data processing is then performed by custom Perl scripts
and the data are then imported into MySQL databases. Normaliza-
tion was performed by the LOWESS method in the Feature Extrac-
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tor software. Data from the six cDNA replicate spots are then aver-
aged after removing the maximum and minimum Cy5/Cy3 spot
ratios to give a single value, and the values from the dye flop are then
averaged.

Contributed RNA Samples. EDGE accepts samples from inter-
ested laboratories for inclusion in the data set. The above-mentioned
protocols are provided as recommended procedures, but samples are
not always subject to the same RNA preparation protocols. For
inclusion in the EDGE database, all submitted samples are required
to disclose the methods used to generate the sample [i.e., organism,
number of biological samples represented in the RNA, animal strain,
genetic variation (such as knockouts, transgenics, or induced muta-
tions), animal age, sex, sample tissue, treatment, vehicle, dose, route
of administration, RNA isolation method, time of dose, time of har-
vest, time elapsed, and proof of animal usage approval]. The quality
and concentration of submitted RNA is analyzed as described above.

Data Access and Assurance. At the request of the submitter,
data generated from EDGE can be embargoed from public access for
a period of 4 months from the time of data generation. During this
time, submitters have exclusive access to the data for comparison
with all publicly accessible data. After this time, the data enters the
public domain and is available to all users. Our rules of data access
are superseded by rules imposed by scientific publications. In this
regard, data that must be submitted to either GEO or ArrayExpress
will be available on these databases as well as on EDGE. Deposition
of EDGE data into GEO or ArrayExpress is simplified for the user,
because all microarray experiments adhere to the minimum infor-
mation about a microarray experiment guidelines (Brazma et al.,
2001).

Results and Discussion
Strategy

Our objective was to develop a resource for the toxicology
community that would allow comparison of transcriptional
profiles that occur in response to chemical, physiological,
environmental, and genetic stimuli. We proposed that for
such a resource to be useful, it should meet the following
criteria. First, it should serve to minimize interlaboratory
differences, allow easy accessibility to data, and adhere to
principles of information sharing. For this resource to serve a
broad spectrum of interests, it should allow for comparisons
between large numbers of chemically induced profiles in ad-
dition to comparison with profiles corresponding to specific
physiological and pathological states.

Our solution is to perform the analysis of microarray ex-
periments using a standardized toxicogenomics platform. To

this end, we first developed a cDNA-based microarray that is
enriched for responsive targets of hepatotoxicants in the
mouse model. We then developed a pipeline for the rapid and
economical generation of transcriptional profiles for a set of
prototype chemicals and pathological states. Last, we imple-
mented an on-line database replete with informatics that
allows researchers to query and interpret large numbers of
transcriptional profiles. We propose that the economy gained
by this large-scale centralized effort will encourage the effi-
cient use of cDNA microarray technology by the toxicology
community and allow for the more efficient development of
algorithms useful in chemical classification and hazard pre-
diction.

Choice of cDNA Microarray Platform. In this first
phase of development, we chose to construct a custom cDNA
microarray platform that was enriched for transcripts ex-
pressed in toxicant exposed liver. Our decision not to use a
commercial array solution was based on issues of cost and
open data access. With respect to cost, we estimate that our
array platform has a per experiment cost of approximately
one fifth of that required by most commercial solutions. With
respect to open access data and protocols, we intentionally
steered away from any platform that relies upon proprietary
technologies or that uses quality control information or bioin-
formatic approaches that are not equally available to all
within the scientific community. This decision is related to
our intent to keep all aspects of EDGE-derived data and
analysis as transparent as possible to the scientific commu-
nity.

Our decision to generate a novel cDNA clone set for the
microarray platform was based on a number of factors. First,
we found that many of the available curated cDNA sets were
highly redundant and did not contain clones commonly ex-
pressed in toxicant-exposed target tissues, specifically liver.
We predicted that custom generation and sequencing of
cDNAs would provide an important resource that would com-
plement currently available cDNA sets. Finally, the ability to
confirm and readily distribute clones allows researchers ac-
cess to these reagents once microarrays point them to a need
for confirmation or functional studies.

To maximize efficiency of this platform for hepatotoxicity
studies, cDNAs were initially derived from libraries of hepatic
clones generated in-house. To increase the representation of
toxicant-specific cDNAs, libraries were constructed from livers

TABLE 1
Distribution of liver cDNAs from control and toxicant-induced libraries
Libraries were constructed from mRNA isolated from livers under the specified conditions. Primers specific for the poly-adenylation site were used to anchor the libraries
to the 3� end of the transcript. Also listed is the percentage of gene discovery and the number and percentage of genes that were exclusive to that library.

Library No. Sequenced % Discovery No. Unique % Unique

Untreated libraries
C57Bl/6J (6 weeks) 865 37.5 29 3.3
E13.5 1048 49.0 0 0.0
E17.5 2422 33.6 163 6.7
AHR�/� 1033 54.3 123 11.9
Subtotal 5368 43.6 315 5.5

Chemically treated libraries
TCDD 8772 33.5 1679 19.1
Control 1305 37.7 110 8.4
Phenobarbital 945 54.5 142 15.0
Cobalt 1677 44.7 317 18.9
Subtotal 12,699 42.6 2248 15.4
Total 18,067 22.8 2563 14.2

AHR, aryl hydrocarbon receptor.
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that were treated with various chemicals or that came from
different developmental or pathological states. By increasing
the frequency of chemically induced cDNAs in our clone set, we
predicted that the applicability of the arrays to a broad spec-
trum of chemical stimuli would be increased. The toxicants used
to create unique cDNA libraries include the aryl hydrocarbon
receptor agonist 2,3,7,8-tetrachlorodibenzo-p-dioxin (TCDD),
cobalt chloride, and phenobarbital (Denison and Whitlock,
1995; Gu et al., 2000). Physiological states that were used to
build liver libraries also included mouse livers from both em-
bryonic days 13.5 and 17.5, as well as livers from Ahr�/� mice
that exhibit altered hepatic blood flow (Lahvis et al., 2000).

To date, this effort has led to the cloning and characterization
of 18,067 ESTs from eight libraries (Table 1). To analyze these
ESTs, we first compared them with the RefSeq database to
obtain identity. When RefSeq did not provide identity, we
turned to UniGene and finally GenBank. These analyses reveal
that the 18,067 ESTs fall into 4123 gene identities. Represen-
tative clones were selected and rearrayed. This set was supple-
mented with 485 cDNA clones historically linked to toxicant

mechanism to form the base clone set used in microarray con-
struction. Resequencing of this base clone set via both 5� and 3�
ends resulted in approximately 3700 unambiguous identities
representing 2364 different gene products. That is, our base
clone set contains approximately 2400 cDNA clones represent-
ing products of unique loci. An additional 1300 cDNA clones
provide redundant representation, and 900 clones have yet to
be unambiguously confirmed (listed as “verification in
progress”). Confirmation of these remaining 900 clones is ongo-
ing, and the database will be updated in real time to reflect this
new information as it is generated.

For all analyses, the presented data are derived from the
2364 products of unique genes. In cases where multiple
clones for the same gene existed, an average was taken of all
available data. The analyses presented below also exclude
data from all clones whose identity remains unverified.

Microarray Data Analysis

Linearity and Quality. Given the limitations of our cur-
rent microarray printing technology, we chose to develop an

Fig. 1. Experiments showing qualitative
and quantitative performance of the
EDGE microarray. a, image of approxi-
mately 4% of a microarray hybridized
with RNAs corresponding to Cy3-labeled
vehicle-treated control (green) and Cy5
labeled TCDD sample (red). b, heat Map
of 21 clones showing linear range of ob-
served responses. RNA from the liver of a
single animal treated with 64 �g of TCDD
for 96 h was diluted with control RNA
from eight pooled vehicle controls at the
indicated dilutions. Heat map contains 21
clones that responded more than 3-fold in
pure treated RNA. Linear range for cyto-
chrome P450s 1a1 and 1a2 holds true but
is not evident because of color saturation.
Color key displayed corresponds to the
same color scheme used in all figures.

TABLE 2
Analysis of variance on EDGE microarray experiments
Coefficients of variance were determined scrutinizing spot replicates, clone replicates, and biological replicates on the EDGE platform. Three biological replicates of C57Bl/6J
mice dosed with lipopolysaccharide for 24 h were analyzed. Only genes whose fold change was greater than 2-fold in one animal and had multiple clones corresponding to
that gene were analyzed. Coefficients of variance were then determined for the spot replicates, clone replicates, and biological replicates.

Gene Symbol Refseq No. of Clones Average Fold Change
Coefficient of Variance

Spot Clone Biological

Saa2 NM_011314.1 6 13.06 6.7 19.5 10.7
Apcs NM_011318.1 3 7.67 6.1 19.5 13.4
Orm1 NM_008768.1 4 7.05 16.1 10.7 12.4
Hpxn NM_017371.1 4 4.16 7.8 11.0 10.8
Fgl1 NM_145594.1 5 3.62 28.5 27.0 21.8
Saa4 NM_011316.2 4 2.89 12.4 9.8 21.7
Cp NM_007752.1 3 2.17 7.2 5.0 9.0
1100001G20Rik NM_183249.1 3 1.98 9.3 10.1 10.2
Trf NM_133977.1 5 1.82 2.3 9.1 7.9
S100a9 NM_009114.1 3 1.66 9.0 19.4 16.0
Cyp1a2 NM_009993.2 7 �2.02 6.7 13.5 9.9
Cyp2c50 NM_134144.1 3 �2.17 2.6 17.2 6.7
Cyp2c37 NM_010001.1 4 �2.31 4.0 15.8 9.2
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array with 27,648 features. This density allowed for six rep-
licate spots of each cDNA. Typical hybridization experiments
displayed uniform spot morphology, allowing easy spot by
spot delineation and fluorescence quantitation (Fig. 1a). In
an effort to understand the linear range afforded by the
EDGE microarray, we performed an experiment where con-
trol RNA was mixed with increasing proportions of RNA from
TCDD-exposed livers (Fig. 1b). For the 21 transcripts that
exhibited the greatest magnitude of up or down-regulation,
we observed a linear relationship between the estimates of
transcript quantity and proportion of induced sample. These
results suggest the array data are linear over several orders
of magnitude. For the most up-regulated gene, the linear
relationship holds over a range of 44-fold.

Variability in microarray experiments can be of either

biological or technical nature. To address the relative contri-
butions of technical and biological variance to observed re-
sults, we performed a careful analysis of variance in response
to a single dose of lipopolysaccharide (LPS) across three
individual biological replicates. Targets were filtered for
those genes that responded greater than 2-fold response, up
or down (Table 2). Coefficients of variance for both replicate
spots for a single clone and across redundant clones repre-
senting the same target gene ranged between 5 and 30%
(Table 2).

Prototype Chemicals

To develop a foundation for future classification studies,
we generated a preliminary cluster analysis of transcrip-
tional profiles for a number of prototype chemicals and phys-

Fig. 2. Hierarchical cluster of all 117
treatments currently available to the pub-
lic on EDGE2. The 115 targets respond
with at least a 5-fold change in expression
to at least one of the treatments. Cluster-
ing of these responses exhibits large bat-
teries of genes that are highly responsive
to such insults as inflammatory agents,
PPAR� agonists, agonists of the aryl hy-
drocarbon receptor and constitutively ac-
tive receptor, heme function disruptors,
and fasting. Clustering of the treatments
also shows the utility of this approach in
grouping treatments by mechanism of ac-
tion, because inflammatory agents group
closely together.

TABLE 3
Treatments used in generation gene expression profiles
Chemicals and physiological conditions that were used in generating the first phase of experiments for the EDGE database. Experiments listed are performed on C57Bl/6
male mice. The exception is the male liver RNA compared with female RNA. More detailed information regarding experimental conditions is available on the EDGE Web
site at edge.oncology.wisc.edu

Chemical Route Dose Time Mechanism

Acetominaphen p.o. 400 mg/kg 1 day Electrophile
TCDD p.o. 10 �g/kg 2 days AHR agonist
3-Methylcholanthrene i.p. 100 mg/kg 2 days AHR agonist
�-Napthoflavone p.o. 100 mg/kg 2 days AHR agonist
Aroclor 1260 i.p. 200 mg/kg 2 days AHR agonist
Phenobarbital p.o. 100 mg/kg/day 2 days CAR agonist
TCPOBOP i.p. 3 mg/kg/day 2 days CAR agonist
Circadian rhythm None None 0, 4, 8, 12, 16, 24 h Circadian
Ketoconazole i.p. 250 mg/kg 1, 4 days P450 inducer
Cobalt p.o. 60 mg/kg 2 days Heme disrupter
Phenylhydrazine p.o. 100 mg/kg 2 days Heme disrupter
DEHP Chow 2% 2 weeks PPAR agonist
Ciprofibrate Chow 0.1% 2 weeks PPAR agonist
Wy-14,643 Chow 0.1% 2 weeks PPAR agonist
Corn oil p.o. 1 �l/g 2 days Vehicle
Corn oil i.p. 1 �l/g 2 days Vehicle
DMSO i.p. 1 �l/g 2 days Vehicle
Saline p.o. 1 �l/g 2 days Vehicle
Lipopolysaccharide i.p. 1 mg/kg 6, 12, 24, 48 h Inflammatory agent
Interleukin-1� i.p. 25 �g/kg 6 h Inflammatory response
Interleukin-6 i.p. 25 �g/kg 6 h Inflammatory response
Tumor necrosis factor-� i.p. 5 g/kg 6, 12 h Inflammatory response
Fasting None None 1, 2 days Metabolism
Sex None None None Sex

AHR, aryl hydrocarbon receptor; DEHP, diethyl-hexyl-phthalate; TCPOBOP, 1,4-bis�2-(3,5-dichloropyridyloxy)�benzene.
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iological states (Table 3). In many cases, multiple doses and
time points were selected to provide examples of how these
variables influence qualitative and quantitative aspects of
the response. Given that biological replicates were often per-
formed, these data sets also provide an example of the bio-
logical variance observed in global gene expression studies.
Included in the chemical response set were inflammatory
cytokines, aryl hydrocarbon receptor agonists, peroxisome
proliferators, and activators of the constitutively activated
receptor. These initial treatments are meant to serve as a
scaffold to which future treatments can be compared. So far,
there are 117 treatments publicly available in the EDGE
database and more than 400 additional treatments will be-
come public within 4 months of this writing. All graphical
results from these following sections can be generated using
the informatics available at http://edge.oncology.wisc.edu/.

Inflammatory Agents. The response of liver to inflam-
matory agents or cytokines has been well studied (Monshou-
wer and Hoebe, 2003). Given that many hepatotoxic agents
can lead to liver inflammation, we placed a priority on the
characterization of the battery of transcripts that respond to

LPS, tumor necrosis factor-�, interleukin-1�, and interleu-
kin-6. The largest magnitude of response came in a gene
battery of transcripts that correspond to what are commonly
referred to as “acute phase” proteins (Ramadori and Arm-
brust, 2001; Streetz et al., 2001). In the EDGE array, this
battery of cytokine-responsive genes includes the known
acute phase genes: Saa1–4, Orm1, Hp, Hpxn, Fn1, and Ser-
pina 1–6. The transcriptional changes in response to these
inflammatory treatments provide a clear transcriptional sig-
nature of liver inflammation (Fig. 2).

Aryl Hydrocarbon Receptor Agonists. Given their cen-
tral role in molecular toxicology, we have also provided tran-
scriptional profiles for a number of aryl hydrocarbon receptor
agonists. These chemicals serve as prototypes for a wide
range of environmental pollutants that include polychlori-
nated biphenyls and dioxins. In this regard, we used various
doses of 3-methylcholanthrene and �-naphthoflavone. Con-
sistent with what is reported in the literature, we observed
marked induction of transcripts for known xenobiotic-metab-
olizing enzymes such as Cyp1a1, Cyp1a2, Gstm1, and Ugt1a
(Whitlock et al., 1997). In addition, we have identified several

Fig. 3. K-means clustering of hepatic cir-
cadian expression of 50 targets whose
profiles cycled over a 24-h period with a
significance of p � 0.01. Significance was
determined using the COSOPT program
as having a periodicity between 23 and
25 h. All samples were compared with
expression in hepatic tissue at noon (time
of day, 12).
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other aryl hydrocarbon receptor responsive transcripts such
as HectD2 and TATIP-30kDa. The transcriptional changes in
response to these environmental contaminants also provide a
clear transcriptional signature (Fig. 2).

Peroxisome Proliferators. Agonists of the peroxisome
proliferator-activated receptor-� (PPAR�) are common ther-
apeutics, environmental pollutants, and hepatotoxic agents
(Yu et al., 2003). To characterize the hepatic response to this
class of chemicals, we profiled the transcriptional changes of
mouse liver to diethyl-hexyl-phthalate, ciprofibrate, and Wy-
16,463. Data from the EDGE resource demonstrated the
induction of the classic PPAR�-responsive genes Cyp4a10,
Cyp4a14, Acox1, and Ehhadh (Qi et al., 1999). A number of
transcripts not previously known to be responsive to peroxi-
some proliferators were also identified in these array studies.
Included in this responsive set are the products of CD36 and
Xcr1 loci. These profiles also provide one of the best examples
of the breadth and magnitude of hepatic transcriptional
changes that can occur after chemical insult (Fig. 2).

CAR Activators. Activators of CAR are well characterized
inducers of a broad spectrum of cytochromes P450 and as
etiologic agents in hepatomegaly (Masahiko and Honkako-
ski, 2000). In agreement with this known activity, transcrip-
tional data generated from the powerful CAR stimulators

1,4-bis[2-(3,5-dichloropyridyloxy)]benzene, aroclor-1260, and
phenobarbital led to marked up-regulation of Cyp2b10, 2c29,
2c37, and 3a11 (Honkakoski et al., 1996). Also coordinately
up-regulated with these genes were other phase II metabo-
lizing enzymes such as Gstm1 and Gsta2. Among genes that
were markedly down-regulated were Cyp4a10, Hepcidin, and
Bhmt. Like the inflammatory response these responses ex-
hibit an exclusive signature that readily identifies stimula-
tors of the CAR pathway (Fig. 2).

Treatment Vehicles and Routes of Administration.
Toxicology experiments may be significantly influenced by
choice of vehicle and route of administration. In an effort to
define the influence of these variables, we profiled the tran-
scriptional response of corn oil, DMSO, and saline solutions
by varying routes of administration. We found that corn oil or
DMSO via intraperitoneal injection caused an acute phase
response consistent with treatment of inflammatory agents
such as LPS (interspersed in inflammatory clade; Fig. 2). To
a lesser degree, we found that oral gavage of vehicles had
subtle but reproducible effects on gene expression. In this
regard, we found that oral administration of saline or corn oil
repressed expression of the Saa1–2 by approximately 3-fold
compared with untreated animals (data not shown). These
experiments illustrate the necessity of appropriate vehicle
controls in toxicogenomic studies.

Prototype Physiological States

To begin to correlate gene expression patterns with phys-
iological and pathology, we generated profiles for several

Fig. 4. Time-course data on expression changes of 41 genes stimulated by
LPS treatment (1 mg/kg) by at least a 4-fold change over 2 days is
displayed by a hierarchical cluster. The cluster shows the transient
nature of hepatic cytokine response and the importance of the temporal
nature of responses in gene profiling. Most genes have returned to basal
levels by 2 days.

Fig. 5. Activation of metabolic pathway from L-methionine to L-homocys-
teine activated by fasting is displayed as an enzymatic pathway. Genes
shown in red (MHT, GNMT, HNMT, and AHCY) are induced by fasting
at both 24 and 48 h. TEMT, shown in green, also plays a role in this
pathway, and is repressed during fasting. Fold change of expression in
parentheses.
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prototype states. These conditions included circadian
rhythm, decreased food intake, and sex.

Circadian Rhythm. One potential variable in toxicology
experiments is the choice of time of day for administration of
the treatment or for measurement of the response. Given
that gene expression can cycle over a 24-h period, it seemed
important to describe those batteries of genes that corre-
spond to particular circadian times (Panda et al., 2002; Oishi
et al., 2003). Using the EDGE platform, we observed many
genes important to xenobiotic metabolism and toxicant ac-
tion that cycle with a circadian period (Fig. 3). For example
Cyp2a5 and Cyp4a12 both cycle over a 24-h period with peak
and nadir expression differing by approximately 7-fold (Fig.
3). Likewise, genes such as Pepck and G6pc are major com-
ponents of glucose mobilization and storage pathways and
are also regulated in a circadian manner (Fig. 3). Consistent
with what is known about energy metabolism, mice do not
require much glucose mobilization during the night while
they are ingesting new food sources (Rutter et al., 2002). Also
during the night, genes associated with insulin resistance
and fat storage, such as Igfals and Fabp5 are induced. These
data suggest common transcriptional control for a large per-
centage of hepatic transcripts.

LPS Time Course. Gaining insight into the temporal
aspects of the transcriptional response to chemical exposure
is important for the classification of unknown toxicants.
Therefore, we provided an example of the influence of time
after exposure on subsequent expression profiles. In this
regard, the transcriptional responses to LPS are evident 6 h
after exposure and quickly attenuate by 24 h (Fig. 4). These
data illustrate the importance of gathering multiple time
points as a method to capture the most diagnostic transcrip-
tional responses. In the case of compounds with unknown
inflammatory properties, a time point of 2 days might miss
expression patterns associated with cytokine signaling, caus-
ing misclassification of that compound.

Fasting. Given that exposure to many toxicants can in-
duce a cachetic response, it seemed important that the EDGE
database provide a preliminary characterization of those bat-
teries of genes that respond to decreased food intake. The
availability of such information can have two uses. First,
observation of such batteries in toxicology studies can warn
the investigator that decreased food intake may be an issue.
Second, the knowledge that certain transcriptional sets are
related to decreased food intake may allow investigators to
quickly identify these targets, allowing focus on more pri-
mary genomic endpoints.

Learning about Mechanism

Classification. One of the great promises of toxicogenom-
ics is the prediction of toxicity based on gene expression.
Several articles have demonstrated that the classification of
chemicals based on the expression patterns they induce has
considerable potential (Thomas et al., 2001; Hamadeh et al.,
2002a,b; Kramer et al., 2004). Methods used for microarray
classification studies have varied considerably from both the
standpoint of user supervision and the statistical concepts
used. Several of these methods are available as part of the
analysis suite on the EDGE resource, including unsupervised
methods such as hierarchical and K-means clustering.

Of the 2364 genes represented on the current liver array,
115 (�5%) responded with at least a 5-fold change to at least

one of the 117 treatments/conditions in prototype set (Fig. 2).
Applying a hierarchical clustering algorithm to these data
provide support for the idea that microarrays can effectively
group chemical treatments based solely on their influence on
global transcriptional profiles. For example, a simple nearest
neighbor analysis of the cluster analysis reveals that the
known peroxisome proliferators diethyl-hexyl-phthalate, cip-
rofibrate, and Wy-14,643 fall within the same peroxisome
proliferator clade. Likewise, of the 21 inflammatory treat-
ments, 19 fall within the same inflammatory clade (Fig. 2).

Pathway Mapping. Integration of knowledge about gene
expression with information related to pathway function has
the potential to strengthen insights regarding chemical sig-
naling and mechanism of action. To provide an example of
this type of analysis, we first identified a set of transcripts
dysregulated by fasting. This list was then compared with
the Gene Ontology database to identify similarities in func-
tion. It is interesting that we found genes important in the
biosynthesis of sulfur-containing amino acids to be induced.
For example, gene products such as Bhmt, Gnmt, Mat1a, and
Ahcy were significantly up-regulated. Mapping of these
genes to a metabolic pathway provides a graphical represen-
tation of how these genes are important in the metabolism of
methionine to homocysteine (Fig. 5). It is noteworthy that
other isoschizomeric proteins in the same pathway, such as
Temt, are down-regulated in response to fasting. These re-
sults show a coordinated shift in the processing of amino
acids in fasted animals.

Conclusions
The EDGE database was developed to enhance sharing of

toxicogenomic information. In addition to generating novel
transcriptional profiles, the EDGE resource allows investiga-
tors to perform in silico experiments where the results of the
large-scale effort can be interrogated to ask specific questions
about toxicant challenge or physiological condition. Because
of this resource, investigators often do not have to establish
microarray technology and expertise within their own labo-
ratory.

The EDGE resource currently houses liver transcriptional
profiles from 117 different treatments, doses, and time
points. Once embargoes have expired, the size of this data set
will increase to more than 500 profiles in the next 4 months.
In addition, parallel platforms containing at least 1000
unique genes each have been developed for mouse skin, lung,
kidney, palate, and tendon. Similar platforms for mouse thy-
mus, heart and ureter, are being developed and should be
available within a year.
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