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Abstract

Traditionally, gene signatures are statistically deduced from large gene expression and proteomics datasets and have been
applied as an experimental molecular diagnostic technique that is sensitive to experimental design and statistical treatment.
We have developed and applied the approach of “signature networks” which overcomes some of the drawbacks of clustering
methods. We have demonstrated signature network assembly, functional analysis and logical operations on the networks that
can be generated. In addition, we have used this technique in a proof of concept study to compare the effect of differential drug
treatment using 4-hydroxytamoxifen and estrogen on the MCF-7 breast cancer cell line from a previously published study. We
have shown that the two compounds can be differentiated by the networks of interacting genes. Both networks consist of a core
module of genes includingc-Fosas part ofc-Fos/c-Junheterodimer andc-Mycwhich is clearly visible. Using algorithms in our
MetaCoreTM software we are able to subtract the 4-hydroxytamoxifen and estrogen networks to further understand differences
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etween these two treatments and show that the estrogen network is assembled around the core with other modul
or all phases of the cell cycle. For example, Cyclin D1 is present in networks for the estrogen treated cells from two
tudies. These signature networks represent an approach to identify biomarkers and a general approach for disco
elationships in complex high throughput toxicology data.
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In recent years, the development of systems biology,
atabases and pathway software has enabled the analy-
is of high-throughput data in the context of the whole
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cell. Microarray gene expression profiling is app
to sub-categorize complex diseases, predict treat
outcomes, and disease progression using “gene s
tures” which represent differentially expressed ge
that correlate with phenotype following clustering an
ysis or other statistical procedures (van’t Veer et al.
2002; Chang et al., 2003). The assumption is that com
pounds associated with particular toxic end-point
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human would cause similar gene expression patterns
in pre-clinically used mammals and in vitro systems.
The human toxicity of a new compound can then be ex-
trapolated by comparison to a database of expression
profiles of compounds with known toxic end-points.
Changes in global gene expression patterns in ani-
mal or cells at multiple dose levels and time-points
produce relevant “signature” genes which have been
used as predictors in humans (Hamadeh et al., 2002;
Waters et al., 2003). This approach is powerful yet
limited by its sensitivity to experimental design and
statistical treatment (Huang et al., 2003).

The reproducibility and consistency of gene expres-
sion data has been demonstrated by different indus-
trial and academic laboratories using commercial and
custom arrays (Chu et al., 2004) and has been applied
in hepatotoxicity, nephrotoxicity, cardiology and geno-
toxicity studies (Amin et al., 2004; Kramer et al., 2004),
demonstrating the reliable identification of major cel-
lular subsystems involved in toxic responses (Ulrich
et al., 2004). Most biologically active compounds im-
pact expression of multiple levels of cellular functional-
ity, for example, including endogenous metabolic path-
ways, enzymes of phases I and II drug metabolism, nu-
clear hormone receptors (NHR) regulating cytochrome
P450 enzymes (CYP), transporters and other genes
(Ekins et al., 2005b). Gene expression patterns can
also be used for elucidating new hypotheses for tox-
icity mechanisms (Gerhold et al., 2001; Heinloth et al.,
2004; Lord, 2004).
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nodes (Barabasi and Oltvai, 2004). Such topological
features give networks the property of robustness with
removal of even a substantial fraction of nodes leaving
the network connected (Albert et al., 2000).

Our approach described herein represents an alter-
native microarray analysis method that connects inter-
acting differentially expressed genes into condition-
specific functional “signature networks” independent
of statistical procedures and can yield the global cellu-
lar mechanisms behind differences in expression. This
method is rooted in the idea of modular organization
of large scale networks of biological processes pro-
posed byHartwell et al. (1999). According to this the-
ory, various types of cellular functionality are provided
by relatively small, transient but tightly connected net-
works of molecules (5–25 nodes) that are engaged in
performing specific functions. We will demonstrate as a
proof of concept study how a commercial software plat-
form (MetaCoreTM), built around an integrated Oracle-
based software platform can be used to define sig-
nature networks for published microarray data using
4-hydroxytamoxifen and estrogen treatments of the
MCF-7 breast cancer cell line.

1. Materials and methods

1.1. Data annotation and software programming

An interactive, manually annotated database was
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The analysis of the existing databases on meta
nd signaling pathways shows that if taken toge
nown reactions and interactions would form a la
luster linked via molecular nodes shared among m
rocess (Jeong et al., 2000). As direct dynamical mod
ling is currently limited to well characterized syste
novel approach for making sense of large gene
orks has been developed in recent years. This me
ombines graph theory and statistical methods for
ng network modules that represent potential ac
unctional units. One important result achieved in
rea is the realization that biological networks of

erent origins (e.g., metabolic, regulatory, protein
eractions, networks for different organisms) share
ame global architecture (Giot et al., 2003; Baraba
nd Oltvai, 2004). One consequence of such an ar

ecture is the presence of so-called hub nodes w
re high degree nodes connected to many low de
erived from literature publications on proteins
mall molecules (MetaCoreTM, GeneGo, St. Josep
I). This was developed with an Oracle version 9.2
tandard Edition (Oracle, Redwood Shores, CA) b
rchitecture for the representation of biological fu

ionality and integration of functional, molecular,
linical information (Bugrim et al., 2004). Functiona
rocesses are the core objects in the database whi
e of a different types and have unique relations
ith molecular entities. The novel database arch

ure that is the foundation of MetaCoreTM and a sec
nd product MetaDrugTM has been described in de
reviously (Bugrim et al., 2004; Ekins et al., 2005a,b).
o briefly summarize, functional processes and c
onents serve as the core information space-ho

n our database with many-to-many relationships
ween them. The corresponding molecular and m
nistic data are then linked to these space-holde
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they become available. Functions serve as the “link-
ing portals” for heterogeneous data. Once linked, the
heterogeneous types of high-throughput data become
a part of a larger system-level picture where functional
relations among them can be more easily established
and elucidated (e.g., all proteins in a pathway and their
genes with expression patterns). Every pathway and its
elements (interactions, reactions, enzymatic functions)
are linked to available molecular data (genes, proteins,
compounds, expression data, SNPs, etc.) and annotated
with relevant information about their involvement and
importance in a number of common human diseases.

The MetaCoreTM software runs on an Intel-
based 32 bit server running RedHat Linux Enter-
prise 3 AS (RedHat, Raleigh, NC) and the web
server ran Apache 1.3.x/modperl (http://perl.apache.
org/start/index.html). Software on the server side
was written in Perl while the client side required
HTML/JavaScript and the Macromedia Flash Player
Plug-in (Macromedia Inc., San Francisco, CA).

1.2. Visualization of microarray data for
4-hydroxytamoxifen and estrogen treated breast
cancer cell line on gene networks

We have used data from a published study
of G0-arrested MCF-7 breast cancer cells treated
with estrogen (E2) and 4-hydroxytamoxifen (OHT)
using the NIEHS ToxChip microarray consisting
of 1901genes (Hodges et al., 2003). This file
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into integrated networks for each treatment, reveal-
ing all possible gene connections affected over 24 h
(p< 0.0005). Genes from the microarray that were up
or down regulated could then be visualized on this net-
work.

A second dataset for E2 treatment of MCF-7 cells
for 1, 4, 12, 24, 36 and 48 h (Lobenhofer et al.,
2002), with gene expression changes assessed us-
ing the same ToxChip was used. In this case 105
genes were shown to be estrogen regulated at all
six time points. We have used these genes as a
starting point for generating a combined network.
The published gene list (Lobenhofer et al., 2002)
was first converted to GenBank accession num-
bers from the NIEHS website (https://dir-apps.niehs.
nih.gov/maps/guest/clonesrch.cfm), then converted to
Locuslink identifiers using DAVID (Dennis et al.,
2003) (http://apps1.niaid.nih.gov/david/). The expres-
sion intensity values were set as +1 or−1 for up and
down regulation, respectively. The tab delimited file
was then uploaded in MetaCoreTM to generate a gene
network with the “direct interactions” algorithm.

2. Results

The original 2-D hierarchical clustering at 0.5, 2,
4, 12 and 24 h time points showed both compounds
caused nearly identical expression patterns at early time
points, featuring induction of cell cycle progression
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as obtained from the NIEHS websitehttp://dir.
iehs.nih.gov/microarray/datasets/home-pub.htm. The
icroarray data describing the up/own regulation
enes at 0.5, 2, 4, 12 and 24 h time points (Hodges
t al., 2003) was imported into MetaCoreTM on the
lient side as a tab-delimited file and genes show
tatistically significant expression changes with tr
ents were selected. Several algorithms to enable

he construction and analysis of gene networks ar
egrated within MetaCoreTM and have been previous
escribed for MetaDrugTM (Ekins et al., 2005a–c).

n this study, the proteins were queried against
etaCoreTM database and networks were constru

or time points using a strict “direct interactions”
orithm (Only the selected genes are included in
etworks; in this case those over- and under-expre
ith certain thresholds). The individual networks h
iscrete gene content (not shown) and were comb
enes (Hodges et al., 2003) (Fig. 1A). Ultimately, E2
reatment leads to cell proliferation, while OHT trea
ells largely remain arrested at G0. An additional super
ised analysis (applicable when the distinct phenot
re well defined (Quackenbush, 2001)) revealed E2 in-
uced expression of Cyclin D1, a key initiator of G0/G1
nd G2/M progression (Stacey, 2003) and other gene
scaping the original clustering. We hypothesized
etwork analysis of raw microarray data would be m

nformative as this would include key regulatory ge
hat would otherwise be removed during clustering
urn resulting in unique gene-network topologies. A
he microarray data (Hodges et al., 2003) was imported
nto MetaCoreTM the integrated networks were str
ngly different but both contained early transcriptio
actors c-Myc, c-Junand c-Fos. Despite using a sma
rray excluding many cell cycle genes, the E2 network
Fig. 1B) featured induced genes essential for all
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Fig. 1. (A) Published hierarchical clustering of overexpressed genes show virtually no difference between treatments (Hodges et al., 2003). (B)
Gene network signatures after applying the direct interactions algorithm to the list of overexpressed genes obtained from microarrays of MCF-7
breast cancer cells following treatment with estrogen and (C) 4-hydroxytamoxifen (B). Colored symbols represent genes (network nodes) and red
solid circles represent genes with microarray data showing significant upregulation. Small colored hexagons on vectors between nodes describe
positive (green), negative (red), unspecified (black) interactions or logical relationships (blue).

cycle phases including Cyclin D1 (G0/G1 and G2/M
transition), subunits of the DNA replication licensing
complex MCM (S phase), cyclin B1 (G2/M) and cdc25-
encoding genes (M phase inducers). None of these pro-
teins were present on the OHT network (Fig. 1C). The
differences in the “signature networks” correlated with
distinct cellular responses to treatments, without previ-
ous knowledge of the end-points over 24 h. This anal-
ysis enables up- and down-regulated genes to be visu-
alized on the same network identifying key “switcher”
nodes (where, the “sign” of expression changes from
induction to repression) and potential therapeutic tar-
gets. Secondly, genes with sub-threshold or unchanged
expression levels can be included as they may be central
to pathways unaffected at the gene expression level, but
result in downstream induction of genes. Logical op-
erations can also be performed on networks using sev-
eral algorithms in MetaCoreTM to demonstrate that the
intersection between the E2 and OHT networks con-
sists ofc-Fosas part ofc-Fos/c-Junheterodimer and
c-Myc (Fig. 2). This represents a core module shared
by both compound treatments. In addition, the OHT
network can be subtracted from the estrogen network
(Fig. 3A) or the estrogen network can be subtracted

from the OHT network (Fig. 3B). In summary, the es-
trogen network is assembled around the core ofc-Fos/c-
Junandc-Mycwhile other integrated modules include
proteins essential for all phases of the cell cycle which
are highlighted individually (Fig. 4).

A second dataset for E2 treatment of MCF-7 cells
for 1, 4, 12, 24, 36 and 48 h (Lobenhofer et al., 2002)
consisting of 105 genes that had been shown to be
regulated by estrogen at all six time points was fur-
ther used to evaluate MetaCoreTM. Out of the initial
105 genes, only 94 were found with LocusLink iden-
tifiers and of these 3 did not map to our database (Lo-
cuslink ID 50485, 5203, 9231). The remaining genes
that were successfully mapped to our database were
used to generate a combined network with the “di-
rect interactions” algorithm, resulting in two relatively
large networks with connected genes (Fig. 5). One
of these networks contained genes related to apopto-
sis such as APP and Cathepsin D (Fig. 5A) while a
second network contained several of the same genes
previously identified on the estrogen signature net-
work, namely those involved primarily in the cell cy-
cle Cyclin D1, Cyclin D,c-Myc, LDHA and CDC18L
(Fig. 5B).
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Fig. 2. Intersection between the estrogen and tamoxifen networks (described graphically in the box) consists ofc-Fosas part ofc-Fos/c-Jun
heterodimer andc-Myc. Colored symbols represent genes (network nodes) and red solid circles represent genes with microarray data showing
significant upregulation. Small colored hexagons on vectors between nodes describe interactions. A core module is highlighted in red on both
the estrogen and 4-hydroxytamoxifen networks. Small colored hexagons on vectors between nodes describe positive (green), negative (red),
unspecified (black) interactions or logical relationships (blue).

3. Discussion

Traditionally, the functional organization of a bio-
logical system has been described in terms of path-
ways. Since Hartwell et al. (1999) hypothesized that
many biological functions are carried out by discrete
modules of physically interacting proteins (Hartwell
et al., 1999), searching for interacting proteins and net-
works has become a key use for the functional analysis
of microarrays. It is well documented that the outcome
of microarray analysis is largely dependent upon statis-
tical procedures applied both at the level of determin-
ing sets of genes with significantly altered expression
and, to a greater extent, at the level of data cluster-
ing (Butte, 2002). In general, different combinations of
several standard statistical procedures have been used
for the analysis of gene expression patterns on microar-
rays: hierarchical clustering (Eisen et al., 1998),k-value
clustering (Tavazoie et al., 1999) self-organizing maps
(SOMs) (Tamayo et al., 1999), principal component

analysis (PCA) and analysis of variance (ANOVA).
Eventually, the expression pattern is represented as a
tree with branch length corresponding to the degree of
similarity between conditional expression. The analy-
sis identifies those sets of genes for which expression
is the most distinct between the classes and may result
in the “signature sets” of genes for certain phenotypes
as determined by such supervised procedures.

While understanding the global gene network ar-
chitecture is an important first step, from the practical
standpoint of toxicogenomics, it is even more inter-
esting to find the specific functional modules that are
implemented in toxicity mechanisms. A recent review
has described the theory behind biological network
models and their architecture (Barabasi and Oltvai,
2004). Some algorithms can link the expressed genes
with known transcriptional factors via the genome-
wide identification of DNA binding sites (Bar-Joseph
et al., 2003) or enable building of condition-
specific probabilistic models (Segal et al., 2003). The
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Fig. 3. (A) Subtraction of the tamoxifen network from the estrogen network (described graphically in the box) and (B) subtraction of the estrogen
network from the tamoxifen network. Colored symbols represent genes (network nodes) and red solid circles represent genes with microarray
data showing significant upregulation. Small colored hexagons on vectors between nodes describe positive (green), negative (red), unspecified
(black) interactions or logical relationships (blue).

co-expressed genes can be grouped based on the occur-
rence of commoncis-elements in the context of refer-
ence databases of transcriptional factors (Matys et al.,
2003) of well-known metabolic pathways (Ihmels
et al., 2002). Microarray data is, therefore often linked
to curated knowledge databases on proteins, genes and
pathways such as SwissProt, KEGG, MIPS and others.
The genes and proteins can be grouped and networked
together based on their names or co-occurrence in
MedLine texts using Natural Language Processing,
NLP (Jenssen et al., 2001; Chaussabel and Sher,
2002). However, only 30%–40% of experimentally
verified protein interactions were reported to corre-
spond to pairs from MedLine abstracts (Blaschke and
Valencia, 2001). There are more biologically relevant
sources of information on interacting proteins such
as curated databases BIND (Biomolecular Interaction
Network Database (Bader et al., 2004)), INTERACT
(Elbeck et al., 1999), MIPS (Munich Information
Center for Protein Sequences) (Mewes et al., 2002).
The database of Interacting Proteins, DIP (Xenarios
et al., 2000) and the Human protein references database
(HPRD; Peri et al., 2003) which generally have rel-

atively low coverage, particularly for human-specific
interactions. Several companies offer larger curated
interaction databases covering human metabolism, reg-
ulation and signaling. Manually curated databases with
interactions extracted from published experimental
data on individual reactions are considered as the gold
standard for benchmarking purposes (von Mering et al.,
2002). Combining these comprehensive databases
with powerful analytical and network building tools
has resulted in the development of several integrated
high-throughput data mining suites like Pathway
AssistTM, MetaCoreTM, Pathways AnalysisTM and
PathArtTM available from several companies. These
tools can enable visualization of global cellular
mechanisms behind differences in gene expression.

In this study, we have used one such suite,
MetacoreTM which enables the user to: (1) upload
and simultaneously visualize on the pathways microar-
ray data of multiple formats including proteomics and
metabolomics data; (2) generate networks using mul-
tiple algorithms based on the aforementioned types
of datasets and a comprehensive curated database of
human protein-protein and protein-compound interac-
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Fig. 4. The estrogen combined network is assembled around the core ofc-Fos/c-Jun and c-Myc. The integrated modules include proteins
essential for all phases of the cell cycle highlighted and shown separately. Colored symbols represent genes (network nodes) and red solid circles
represent genes with microarray data showing significant upregulation. Small colored hexagons on vectors between nodes describe positive
(green), negative (red), unspecified (black) interactions or logical relationships (blue).

tions database; (3) export/import data exchange with
different informatics systems and seamlessly access
the major public bioinformatics resources. The anal-
ysis in this software, therefore establishes the universe
of direct physical interactions between active proteins
in human cells using information extracted from the ex-
perimental literature. Additionally, this set of interac-
tions defines the cellular potential for assembly of pro-
tein complexes, signaling and effector pathways. By
positioning expression data onto experimentally ver-
ified physical interactions, we effectively restrict all
possible associations between array spots to those that
are physically possible in the cell. This then produces
the condition-specific functional “signature networks”
which are sets of functional pathways organized into
networks of a certain topology, which are activated (in-
dividual genes on the pathways can be up- or down-
regulated) in a specific condition.

The types of network analysis described in this study
using MetaCoreTM, therefore do not require data clus-
tering. We have illustrated the application of this ap-
proach using a published study with raw microarray
data from MCF-7 cells treated with E2 and OHT at dif-
ferent time points. Although the authors of this study
had used hierarchical clustering to show the similarity
of gene expression patterns for both treatments at the
earliest time points, there is divergence later due to the
known effects of E2 on cell proliferation, while OHT
treated cells largely remain arrested at G0. The present
proof of concept study was undertaken to shown how
different compound treatments could be illustrated and
has shown that both can be differentiated by the net-
works of interacting genes. In particular the OHT net-
work includes several genes that were not upregulated
(Fig. 1C). In addition, both networks consist of a core
module of genes includingc-Fosas part ofc-Fos/c-
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Fig. 5. The most connected networks resulting from analysis of genes shown to be estrogen responsive after treatment of MCF-7 cells for 1,
4, 12, 24, 36 and 48 h (Lobenhofer et al., 2002). Analysis within MetaCoreTM resulted in two resulted in two large networks with connected
up and down regulated genes (A, B). The highlighted regions on network B correspond to the genes present in the sections for the combined
estrogen network inFig. 4, in particular the central gene Cyclin D1 and others related to phases of the cell cycle. Colored symbols represent
genes (network nodes) and red solid circles represent genes with microarray data showing significant upregulation while blue solid circles show
significant downregulation. Small colored hexagons on vectors between nodes describe positive (green), negative (red), unspecified (black)
interactions or logical relationships (blue).

Junheterodimer andc-Myc (Fig. 2). Previously it has
been shown that E2 regulatesc-Myc and Cyclin D1
to promote G1/S transition (Foster et al., 2001) while
the importance of increased Cyclin D1 expression as
a rate limiting step in the cell cycle has been widely
described (Coqueret, 2002; Lobenhofer et al., 2002;
Stacey, 2003). It is perhaps, not surprising that there are
common transcriptional events between these two com-
pounds as OHT is a mixed agonist. Using algorithms
in the software we are able to subtract networks to fur-
ther understand differences and show that the E2 net-
work is assembled around the core module described
above with other modules essential for all phases of
the cell cycle (Fig. 4). These signature networks rep-
resent a method to identify biomarkers which provides
a general approach for discovering new relationships
in complex data. Secondly, compounds showing com-
parable effects on gene expression as either of these
two compounds would be expected to produce similar

signature networks as either E2 or OHT after using the
methods described.

A second dataset for E2 treatment of MCF-7 cells
was also obtained from the literature (Lobenhofer et al.,
2002). In this case the treatments were for 1, 4, 12, 24,
36 and 48 h and instead of using the whole set of 1901
genes, we used the subset of 105 genes suggested by
the authors to have significant induction or repression
in order to generate a signature network for E2. Inter-
estingly, two discrete networks were indicated, one of
which had some of the genes previously observed in
the estrogen signature network from a separate study,
including the important Cyclin D1 and other cell cy-
cle genes (Fig. 5B). The differences between the es-
trogen networks generated for each dataset are likely
related to either the statistical filtering of the data, in-
clusion of induced and repressed genes or the longer
estrogen exposure times applied in the second study. A
more exhaustive analysis of the raw microarray dataset
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for this study and selection of comparable time points
only (excluding 36 and 48 h data) as performed with
the E2 and OHT study, may result in more compara-
ble signature networks for estrogen between the two
studies.

In summary, we have described an approach to sig-
nature network construction that does not have any of
the limitations of statistical approaches to identifying
signature genes. The proof of principle study would in-
dicate that this software based on a manually curated
database of interactions and network building algo-
rithms can be more widely applied in toxicogenomics
for the analysis of high throughput data.
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