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ABSTRACT
The effects of hormone and growth factor signaling on gene expression
contribute significantly to breast tumorigenesis and disease progression;
however, the targets of signaling networks associated with deregulated
growth are not well understood. We defined the dynamic transcriptional
effects elicited in MCF7, T-47D, and MDA-MB-436 breast cancer cell lines
by nine regulators of growth and differentiation (17␤-estradiol, antiestrogens fulvestrant and tamoxifen, progestin R5020, antiprogestin RU486,
all-trans-retinoic acid, epidermal growth factor, mitogen-activated protein/extracellular signal-regulated kinase 1/2 inhibitor U0126 and phorbol
ester 12-O-tetradecanoylphorbol-13-acetate) and compared the patterns
of gene regulation to published tumor expression profiles. The complex
pattern of response to these agents revealed unexpected relationships
between their effects, including a profound overlap in genes regulated by
both steroids and epidermal growth factor, and striking overlaps between
fulvestrant and all-trans-retinoic acid. Estrogen-responsive genes could be
divided into two major clusters, only one of which is associated with cell
proliferation. Gene ontology analysis was used to highlight functionally
distinct biological responses to different mitogens. Significant correlations
were identified between several clusters of drug-responsive genes and
genes that discriminate estrogen receptor status or disease outcome in
patient samples. The majority of estrogen receptor status discriminators
were not responsive in our dataset and are therefore likely to reflect
underlying differences in histogenesis and disease progression rather than
growth factor signaling. This article highlights the overall impact at the
gene expression level of diverse regulators of breast cancer growth and
links the behavior of breast cancer cells in culture to important clinical
properties of human breast tumors.

INTRODUCTION
Steroid hormones and peptide growth factors mediate diverse physiological functions associated with normal growth and differentiation
of the mammary gland and also contribute significantly to the development and progression of breast cancer. Specific molecular events
that contribute to disease, as well as biological responses to breast cell
growth regulators and have been intensively studied, resulting in the
development of target-selective therapeutic agents. For example,
breast cancers that are ER2-positive often respond to 4-OHT and
fulvestrant (ICI) that antagonize estrogen receptor signaling. Breast
tumors also frequently overexpress members of the epidermal growth
factor receptor family of receptor tyrosine kinases, most notably
erbB2, which is overexpressed in up to 30% of cases. Moreover,
activation of MAPK signaling is significantly increased in up to 50%
Received 6/19/03; revised 8/15/03; accepted 8/27/03.
The costs of publication of this article were defrayed in part by the payment of page
charges. This article must therefore be hereby marked advertisement in accordance with
18 U.S.C. Section 1734 solely to indicate this fact.
1
To whom requests for reprints should be addressed, at National Human Genome
Research Institute, NIH, 50 South Drive, Bethesda MD 20892-8000. Phone: (301) 5945283; Fax: (301) 402-3281; E-mail: pmeltzer@nhgri.nih.gov.
2
The abbreviations used are: ER, estrogen receptor-␣; CSS, charcoal dextran-treated
serum; E2, 17␤-estradiol; ICI, ICI 182,780; 4-OHT, 4-hydroxy tamoxifen; atRA, alltrans-retinoic acid; EGF, epidermal growth factor; TPA, 12-O-tetradecanoyl-phorbol-13acetate; MAPK, p44/42 mitogen-activated protein kinase; Mek, MAP/ERK kinase; PKC,
protein kinase C; EST, expressed sequence tag; MTT, 3-(4,5-dimethylthiazol-2-yl)-2,5diphenyltetrazolium bromide; GO, Gene Ontology.

of breast cancers compared with normal breast epithelium and is
associated with poor patient prognosis (1, 2). The majority of these
tumors are ER⫺, suggesting that up-regulated growth factor signaling
in these tumors provides an effective alternative to growth stimulation
by steroid hormones. In addition to hormone antagonists, there are a
number of other agents, which cause growth arrest in cultured breast
cancer cells. Phorbol esters such as TPA, which regulates diacylglycerol-dependent signaling via PKC, are known to promote G1 growth
arrest of breast cancer cells (3, 4). This TPA-mediated arrest appears
to be associated with raf/extracellular signal-regulated kinase-dependent induction of p21WAF1/CIP1 cyclin-dependent kinase inhibitor, as
well as antagonism of ER signaling in estrogen-sensitive breast cancer
cells (5–7). Synthetic derivatives of atRA are another important class
of agents with potent antineoplastic effects in experimental models of
breast cancer (8, 9). Retinoids show promise as effective chemopreventive agents (9, 10), heightening interest in understanding the
mechanisms by which these agents affect tumor growth and progression.
Our understanding of signal transduction components and their
interactions regulating growth and arrest of breast cancer cells is still
limited. Microarray technologies provide a powerful method to explore the complexities of transcriptional profiles defined by selected
pharmacological mitogens and inhibitors pivotal for breast cancer cell
growth. Recently, our laboratory and others (11–17) have used expression arrays to subclassify breast tumors into categories possessing
distinct biological and clinical properties. Among the distinctions
made to date, the strongest separation is observed between ER⫹ and
ER⫺ tumors. This highlights the question of how genes contributing
to the tumor subclassification are associated with a particular hormone
or growth factor signal. Because this question is difficult to address
using patient samples, we chose an in vitro model system using
cultured cell lines treated with agents known to induce breast cancer
cell mitosis or growth arrest. Human breast tumor cell lines have been
used extensively as models of neoplastic disease, and accordingly,
their expression profiles provide a frame of reference for assessing the
biological significance of expression patterns in a specific tumor (11,
18). There have been several studies of gene expression analysis of
breast cancer cells treated with a limited number of growth agonists
and antagonists, producing catalogues of responsive genes (19 –25).
These studies, although valuable, do not address the highly networked
nature of signaling components with respect to regulation of gene
expression. Individual growth regulators may impact (in a temporally
distinct manner) on multiple axes of cell signaling, and conversely,
multiple agents impinge on the same signaling cascades. For example,
steroid hormones signal to the MAPK and protein kinase A/PKC axes
(26 –29), which strongly suggests that the gene expression responses
to growth factors, steroids, and activators of second messengers may
overlap.
In this article, we present a detailed analysis of the observed
patterns of gene expression in MCF7, T-47D, and MDA-MB-436
breast cancer cells treated for 2, 8, and 24 h with E2, estrogen
antagonists 4-OHT, ICI, a progestin (R5020), an antiprogestin
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RU486, atRA, EGF, a Mek1/2-specific inhibitor (U0126), and a
phorbol ester (TPA). We hypothesized that by examining both the
unique and interrelated time-sensitive patterns of gene expression and
interpreting these in the context of GO and phenotypic response to
each agent, we may identify pathways significantly impacted by
breast cell growth regulators. We predicted that this study may also
reveal individual or related groups of genes representing new candidates to investigate for their involvement in disease progression. The
patterns of gene expression found in vitro were compared with in vivo
gene expression profiles previously identified in breast cancer specimens. This comparative analysis reveals a significant association
between specific gene clusters and discriminators of hormone receptor
status and disease progression in tumor samples.

MATERIALS AND METHODS
Cell Culture and RNA Isolation. Cell lines were obtained from the
American Type Culture Collection and maintained at 37°C in 5% CO2 in
RPMI 1640 supplemented with 10% FBS and 1 mM L-glutamine. Before
stimulation with E2, R5020, EGF, or TPA, cells were cultured for 48 h in CSS
media [phenol red-free MEM␣ with 10% charcoal/dextran-treated FBS (HyClone), 1 mM L-glutamine and nonessential amino acids]. Reagents are: 10 nM
E2 (Sigma); 100 nM 4-OHT (Calbiochem); 100 nM pure antiestrogen ICI
(Tocris); 1 M R5020 (Perkin-Elmer); 1 M RU486 (Sigma); 1 M atRA
(Sigma); 25 g/ml EGF (Invitrogen); 10 M U0126 (Cell Signaling Technology); and 100 nM TPA (Sigma). Cells were treated in parallel with either
reagent or vehicle control. At 2, 8, and 24 h, two dishes of cells (one
reagent-treated and one control) were harvested for RNA extraction. The
control for each pair was the matched reference sample for hybridization. Cells
were washed twice with PBS and lysed using TRIzol reagent (Invitrogen).
Total RNA was extracted from TRIzol as recommended by the manufacturer,
then further purified by addition of an equal volume of 70% ethanol, followed
by RNeasy column extraction (Qiagen).
MTT Growth Assays. Quantitation of cell growth rates was determined
using the Vibrant MTT cell proliferation kit (Molecular Probes). Cells were
seeded in 96-well plates in triplicate and treated with reagent or vehicle
control. Growth medium and reagent were replaced at 48-h intervals. Solubilized formazan concentration was determined at absorbance 570 nm.
Immunoblotting. Cells were seeded into 6-well plates and cultured for
48 h in CSS media as described above. Cells were serum starved (CSS media
with 0.5% serum) for 24 h before stimulation. Whole cell lysate preparation
and immunoblotting were performed as described previously (30). Antibodies
were obtained from Cell Signaling Technology and ICN Biomedicals, Inc.
cDNA Microarrays. Microarray slides containing 13,824 sequence-verified cDNA clones (10,536 unique genes) were obtained from the National
Human Genome Research Institute/National Institute of Neurological Disorders and Stroke/National Institute of Mental Health microarray core facility.
Gene names were listed according to build 154 of the UniGene human
sequence collection.3 Sample labeling and microarray hybridization were
conducted as previously described (31, 32) and using standard protocols.4
Fluorescence scanning and image analysis with DeArray software were performed as described previously (33, 34). Microarray data presented herein is
also available.4 Data from replicate experiments were averaged (see “Appendix”), and the averaged data were preprocessed in Filemaker Pro to identify
genes with a mean minimum quality statistic (35) of 0.6 (scale 0 –1) and mean
intensity in the Cy5 or Cy3 channel of ⬎500 units (scale 0 – 65,535). Genes
were also retained if the mean Cy5 or Cy3 intensity in any one cell line
exceeded 1000 units. To identify responsive genes (deviating in expression
ratio), we filtered for genes showing a ratio ⬎ 1.5 fold, with a quality ⬎ 0.75
and intensity measurement ⬎ 1100. A 1.5-fold cutoff for expression ratio was
calculated to be statistically significant (P ⬍ 0.01); average ratio variation
from duplicated (approximately eight repeats/array) housekeeping clones
within an array was 1.22 with no single experiment exceeding 1.5; average
ratio variation for the same array feature within paired duplicates for the set of

42 duplicate experiments was 1.34; ratio variation between three self-self
experiments was 1.44, 1.41, and 1.42. We arbitrarily chose 19 ratio measurements between 1.5 and 2 for Quantitative Reverse Transcription-PCR validation 19 of 19 validated the direction and 18 of 19 the magnitude of response
(data available upon request). For genes with a 1.5-fold expression change and
an average Cy5 or Cy3 intensity of ⬍2250 units in any cell line, we increased
the fold expression ratio stringency in this range to 2. Lastly, we omitted genes
that displayed a Cy5 or Cy3 dye bias across ⬎28 of the 42 experimental
conditions.
Hierarchical Clustering. Data were analyzed using web-based resources
available at the NIH.5 Uncentered Pearson’s correlation was used on logtransformed data, with induced genes indicated in red and repressed genes in
green. Gray indicates data points with quality ⬍ 0.3 units and intensity (in both
channels) ⬍ 300 units.
Statistical Comparison with ER Status and Metastasis Discriminator
Genes from Tumor Expression Profiles. An association between our gene
expression clusters and the ER status and patient prognosis discriminator genes
reported by van’t Veer et al. (15) was established using a 2 test. Because the
number of discriminator genes present in some clusters was small, we estimated Ps using a Monte Carlo procedure: 100,000 replicates were generated by
random sampling from the set of all contingency tables with marginal data
identical to the original data, and the probability to get a 2 larger than the
original data was calculated. Once an overall association between clusters and
ER status or prognosis genes was established, each cluster was separately
analyzed for association with ER status or prognosis genes. The odds ratio of
the odds for a gene in a cluster to be a discriminator gene to the same odds for
a gene in all other clusters (2 ⫻ 2 table) was calculated using the conditional
maximum likelihood estimate. Ps for the odds ratios were calculated using
Fisher’s exact test.
GO Analysis. The GO (36) provides annotation for 60% of the clones in
our experiments. From the directed acyclic graph structure of the GO, each
node of annotation is coupled to overlying and underlying nodes via “has a”
and “part of” relations. This implies that a clone mapped to any given node in
the GO is also mapped to that node’s parent nodes. As the GO provides a
mapping from LocusLink identifiers6 to GO nodes, we mapped each clone to
a UniGene cluster, then used the LocusLink identifier associated with each
UniGene cluster to assign each clone to GO nodes. We removed clone
redundancy and different clones representing the same UniGene cluster (leaving one representative copy in the dataset for ontology analysis). We used
reshuffling7 to sort the list of expression patterns with respect to similarity.
Briefly, this algorithm is based on a quality function, describing an interaction
between the distance of any two expression patterns on the list of genes and the
similarity of the patterns defined by Pearson’s correlation. The algorithm
results in a sorted gene list with the most correlated expression patterns
adjacent. We analyzed the sorted lists using the GO by investigating if genes
belonging to a GO node were associated with specific parts of the list. Briefly,
we calculated the number of genes belonging to each GO node in a sliding
window moving along the sorted list. For each GO node, we set the size of the
sliding window such that we would on average expect four genes belonging to
the node in each window for a randomly sorted list. Because each GO node had
a different number of genes in the list, this means that the window size was set
separately for each GO node. For each window and GO node, we plotted the
number of genes belonging to the GO node divided by the expected number.
Aligning these gene density plots with the sorted expression data provides for
a way to associate expression patterns with specific GO nodes.

RESULTS AND DISCUSSION
Experimental Design and Global Changes in Gene Expression.
Expression profiles from three breast cancer cell lines, MCF7, T-47D
(both ER⫹), and MDA-MB-436 (ER⫺), were compared at time
points (2, 8, and 24 h) after treatment with growth agonists and
antagonists known to affect breast cancer cell proliferation. The 14
different combinations of cell line and drug treatment are listed in
5
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Table 1 and were conducted in biological replicate. Cell line-specific
variations in the proliferative response to each agent were measured to
aid in subsequent biological interpretation of gene expression data
(Fig. 1). The most potent growth inhibitor of MCF7 cells was ICI and
atRA for T47D cells. Steroid hormones did not stimulate the growth
of ER⫺ MDA-MB-436 cells as expected. Eighty-four hybridizations
were performed on microarray slides containing 13,824 cDNAs. Duplicate experiments were averaged using a quality weighted algorithm
(see “Appendix”), resulting in 42 data points for each gene. We
stringently filtered our data for quality, then identified genes that
responded ⬎1.5-fold in 2 or more of the 42 conditions (see “Materials
and Methods”). A total of 1023 unique genes met these requirements.
Numerical data for the 1023 responsive genes is provided in supplementary Table 1. Analysis of gene expression responsiveness across
the entire dataset revealed a remarkable set of 47 genes that responded
in six or more different cell line/treatment conditions (Fig. 2, A and B).
A high proportion of these genes encode proteins known to be
strongly associated with oncogenesis such as MYC, ERBB2, CCND1,
CD44, and ETS family members. Five of these 47 genes are ESTs,
which certainly warrant additional investigation. Global gene expression responses across this dataset are summarized in Fig. 2C. Every
cell line/treatment resulted in both activation and repression of gene
expression, with the number of responsive genes increasing with time,
except for EGF and TPA treatments, which exhibited an early peak in
responsiveness. The most dramatic response was in MCF7 cells
treated with TPA, and the smallest response was to RU486 in MCF7
cells.
Hierarchical Clustering of Hormonally Regulated Genes. A
total of 386 genes identified to be responsive in the 24 hormonerelated experiments (see “Materials and Methods”) was grouped by
hierarchical clustering (Fig. 3, see also supplementary Fig. 1). atRA
was included in this clustering to facilitate comparison of expression
signatures between the agents that act on nuclear receptors. Each
agent caused discrete but interrelated patterns of gene expression,
including both induction and repression. Overall, we observed a
reciprocal pattern of gene regulation in MCF7 cells treated with E2
and antagonists ICI and 4-OHT. Many of the E2-induced genes (Fig.
3, i and iii) have previously been reported to be up-regulated by E2
(19 –21, 23–25). The antiestrogen effects of ICI are more profound
than that of 4-OHT, consistent with previous studies (37, 38). The
pattern of progestin stimulation in the two hormone-responsive cell
lines displayed significant differences, in particular, a large cluster of
genes specifically up-regulated in T47D by R5020 (Fig. 3, vii). This
is not unexpected given the large amount of progesterone receptor
expressed in T47D. Additionally, these cells express a high level of
ER-␤ compared with MCF7 (39), and given the slight estrogenic
effect of R5020 observed at 10⫺6 M (40), the T47D/R5020 expression
profile may, in part, be mediated by estrogen receptors. The strong
Table 1 Cell lines and drug treatmentsa
Cell lines
Treatment

Final
concentration

E2
ICI
4-OHT
R5020
RU486
atRA
EGF
U0126
TPA

10 nM
100 nM
100 nM
1 M
1 M
1 M
25 g/ml
10 M
100 nM

a

Growth
medium
CSS
Complete
Complete
CSS
Complete
Complete
CSS
Complete
CSS

MCF7

T47-D

MDA-436

a
a
a
a

a

a

a

a
a

a

a

a

a

a

Represents a total of six microarray hybridizations conducted, two at each time point
(2, 8, and 24 h).
CSS denotes media devoid of hormones and peptide growth factors (refer to “Materials
and Methods”).

Fig. 1. Variations in proliferative response to growth agonists and antagonists. Cell
growth rates after drug treatment (MTT assay) were plotted relative to untreated (control)
cells (percentage). In the top three graphs, cell lines were treated in media devoid of
hormones and peptide growth factors (CSS), and bottom panels show cell growth rates in
complete medium (RPMI). Only ER⫹ cell lines responded to steroid agonists and
antagonists as expected. Error bars indicate SE from assays conducted in triplicate.

T47D/R5020 response is consistent with the higher degree of responsiveness of T47D to RU486 compared with MCF7 (Fig. 2C). The
expression profile of MCF7 treated with E2 or R5020 appeared
remarkably similar, although the response to R5020 was less pronounced. This observation is consistent with previously reported
evidence of a weak estrogenic effect of R5020 on MCF7 cells and the
previously observed abrogation of progestin-induced growth of MCF7
in the presence of antiestrogens (40, 41). Retinoic acid treatment
resulted in a distinct pattern of gene expression, although this contains
striking overlaps with ICI treatment (Fig. 3, ii and iv), illustrating
common features in the transcriptional effects of these negative
growth regulators.
Hierarchical Clustering of Genes Regulated in Kinase Signaling. Hierarchical clustering of expression changes in MCF7 and
MDA-MB-436 cells treated with EGF to activate signaling of the
MAPK cascade, U0126, a specific inhibitor of Mek1/2 kinase in this
cascade, and phorbol ester TPA, which activates PKC signaling, is
shown in Fig. 4A (see supplementary Fig. 2). Similar to the hormone
data, we observed genes regulated in a reciprocal fashion between
EGF and U0126 treatment, indicating these genes are likely to be
regulated after activation of Mek1/2 kinase and downstream effectors.
The magnitude of the response of MCF7 to TPA treatment was large
and more pronounced than that of MDA-MB-436. This may reflect
the differences in phorbol ester sensitivity and PKC isoform expression/activation between ER⫹ and ER⫺ breast cancer cells (42– 44).
Many of the clusters in Fig. 4A indicate cell type-specific gene
regulation (Fig. 4A, i and ii, responsive to EGF and TPA in MCF7,
Fig. 4A, iv and v, responsive only in MDA-MB-436). We also observed a strong cluster of genes induced by TPA and EGF in both cell
lines (Fig. 4A, iii). We observed a striking similarity in the pattern of
gene expression with EGF and TPA in MCF7 (and similarly EGF and
TPA in MDA-MB-436). As the pattern of EGF regulation is likely to
denote a MAPK activation signature, the pattern similarity with TPA
is consistent with reports describing PKC signaling to the MAPK axis
(45, 46). Moreover, the profound induction of gene expression by
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MB-436 cells. Data consistent with growth arrest of TPA-treated
MCF7 cells were a 6-fold increase in p21WAF1/CIP1 expression by 2 h,
a 4.5-fold decrease in ER expression by 24 h and significant changes
in morphology (Fig. 4C). There are numerous studies discussing the
role of MAPK overstimulation and PKC activation in breast cancer.
The complex impact of growth factors on these signaling mechanisms
(including phosphorylation of ER and associated coactivators, as well
as the level of expression of ER itself; Refs. 28, 48, 49), highlights the
interaction between these signaling mechanisms.
Hierarchical Clustering Analysis across All Conditions Reveals
a Complex Pattern of Response to Growth Regulators. The power
of gene clustering to define both distinct and overlapping patterns of
gene expression associated with each drug is demonstrated when all
experimental conditions are analyzed together (Fig. 5A, see supplementary Fig. 3). Immediately evident was a profound overlap in genes
regulated by steroids and those regulated in the kinase signaling
cascades. This is consistent with recent literature discussing the ability
of E2 to stimulate cell growth via nonclassical and nonnuclear pathways, including direct interaction of membrane-associated ER and

Fig. 2. Overview of responsive genes. A, distribution of genes identified to be
responsive (see “Materials and Methods”) in at least one time point in the panel of cell
line/treatment conditions. Most genes responded in one to four conditions and a limited
number responded in multiple conditions. B, forty-seven genes that responded in six or
more different conditions in at least one time point are shown (response in zero, one, two,
or three time points within a condition is indicated by increasing color brightness in the
mosaic). Hierarchical clustering of this data were used to visualize the frequency of genes
responsive across the 14 discrete conditions, as well as the shared and reciprocal patterns
of response between conditions. For example, most genes induced by TPA are also
induced by EGF. There are also strong reciprocal patterns of response between E2 and
antiestrogen treatments. C, summary of the magnitude and direction of genes responsive
in each of the 42 time points analyzed.

TPA in MCF7 suggested dramatically enhanced activation of MAPK
by TPA. We examined activation of MAPK in MCF7 after EGF or
TPA by immunoblotting (Fig. 4B). EGF-mediated MAPK activation
peaked at 15 min without an increase in p44/42 MAPK protein, in
agreement with previous data (47). TPA treatment of MCF7 cells
resulted in prolonged phosphorylation of MAPK without a parallel
increase in p44/42 MAPK protein level. A similar but delayed pattern
of TPA-mediated MAPK phosphorylation was observed in MDA-

Fig. 3. Hierarchical clustering of hormonally regulated genes. A total of 386 genes was
identified to be responsive in at least 2 of the 24 hormone-related experiments. See
supplementary Fig. 1 for gene list. For each cell line/drug treatment, expression profiles
for the 2, 8, and 24 h time points are plotted from left to right in the mosaic. Clusters i and
iii, steroid hormone-induced genes, ii and iv, retinoic acid-induced genes, the majority of
which are also induced by ICI treatment. v contains many IFN-inducible genes, and vi is
a tight cluster of histone family members. Cluster vii represents genes strongly induced by
R5020 in T47D cells.
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Fig. 4. Genes regulated in kinase signaling. A,
hierarchical clustering dendrogram of 714 genes
responsive in at least 2 of the 18 experimental
conditions. See supplementary Fig. 2 for gene list.
B, Western blot analysis of MAPK activation by
EGF and TPA. Levels of phospho-p44/42 MAPK
and p44/42 MAPK were measured in parallel from
whole cell lysates. Where indicated, 1 M U0126
Mek1/2 inhibitor was added to cells 30 min before
EGF or TPA treatment to block MAPK phosphorylation. c, morphology of MCF7 cells after 24 h
EGF, TPA, or vehicle control treatment. TPA rapidly (even by 1 h, data not shown) induces a cytostatic morphology indicative of growth arrest, not
seen with EGF-treated or control cells.

Src, E2 action via G protein-coupled receptors, ERBB2, as well as
activation of adenylate-cyclase and protein kinase A/PKC (47, 50 –
54). Fig. 5A shows a number of very distinct clusters. Cluster vi
harbors genes strongly induced by E2 and strongly repressed by the
antiestrogens and TPA. Sixty percent of the genes in this cluster are
associated with mitosis, DNA synthesis, RNA processing, cell cycle
regulation, including a number of known S-phase targets of phosphoRB, including DHFR, TK1, CDC2, and CCNA. Moreover, regulation
of p21WAF1/CIP1 expression (E2 repressed and strongly TPA induced)
is consistent with regulation of these genes. In dramatic contrast to
Fig. 5A cluster vi are clusters ii and iii, which also contain genes
highly induced by E2, but unlike cluster vi, these genes are induced by
EGF and TPA and repressed by U0126 and thus represent an important set of genes involved in E2-mediated MAPK signaling, a pathway
critical for cell migration and tumor progression. This separation of
the bulk of E2-induced genes into distinct clusters illustrates the
necessity of studying ER-mediated signaling in the context of other
signaling pathways. A number of the cell type-specific clusters observed in Figs. 3 and 4A are maintained in Fig. 5A. For example, Fig.
5A cluster iv, a group of 23 genes induced by EGF and TPA only in
MDA-436 cells, contains a striking number of biologically related
genes, including four modulators of tumor growth factor ␤ member
signaling (FST, CKTSF1B1, SMURF2, and TSC22) and five immune,
stress, and inflammatory response genes (CSF3, IL1B, IL6, CCL3, and
CXCL1).

Correlation of ER Status and Metastatic Disease Discriminator
Genes from Tumor Expression Profiles with Growth FactorRegulated Genes. Because of the important clinical implications of
ER status in breast cancer, we interrogated our clustered genes in Fig.
5A for possible correlations with breast tumor gene expression signatures that discriminate ER⫹ from ER⫺ tumors and separately for
genes associated with metastatic disease. We used the recent data of
van’t Veer et al. (15) because the large number of genes included on
their microarrays was likely to provide a good overlap with our gene
set. First, of their 2460 ER status discriminator genes, we associated
1720 to a UniGene cluster (build 154), and 1365 of these were present
on our arrays. Comparing these 1365 genes to the 1023 responsive
genes included in Fig. 5A, we found 158 clones in common (54 were
more highly expressed in ER⫹ tumors (ER⫹ discriminators) and 104
in ER⫺ tumors (ER⫺ discriminators), according to van’t Veer et al.
(15). This suggests that the majority of tumor ER status genes are not
associated with the regulatory events observed in this in vitro study.
We mapped the positions of the 158 discriminators with respect to the
44 clusters in Fig. 5A (determined from the hierarchical gene tree,
refer to supplementary Fig. 3) and, established using a 2 test (see
“Materials and Methods”), that these ER discriminators are not randomly distributed among the clusters (for ER⫹ discriminators,
P ⬍ 0.0003, and for ER⫺ discriminators, P ⬍ 0.0001; see supplementary Fig. 3 for gene comparison). Odds ratios calculated for each
of the 44 clusters indicated that four clusters, iv–vii had statistically
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Fig. 5. Hierarchical clustering across all conditions
and comparison of expression clusters with ER status
or disease outcome discriminator genes from tumor
expression profiles. A, hierarchical clustering dendrogram of 1023 genes identified to be responsive in at
least 2 of the 42 experiments. See supplementary Fig.
3 for gene list. Clusters i–viii are discussed in the text.
B, the four plots aid in visualizing the average expression values (log transformed) within clusters iv–vii
for all 42 experiments. Error bars are 2/公n (95%
confidence interval). c, a significant association between the 1023 responsive genes shown in a and two
sets of genes reported by van’t Veer et al. (15) as
discriminatory for either tumor ER-status or for patient prognosis was established. Clusters iv–vii
showed statistically higher numbers of discriminator
genes than expected (P ⬍ 0.01). NS, not statistically
significant. For comparative lists of genes in these
clusters, refer to supplementary Fig. 3.

more ER discriminator genes than expected by random chance
(P ⬍ 0.01), as summarized in Fig. 5C. The average log expression
ratios in each experiment for clusters iv–vii are shown in Fig. 5B. Fig.
5A, ii, showed a weaker correlation (P ⫽ 0.015) with ER⫺ status
genes. The highest correlation for this comparison was observed for
Fig. 5A, cluster vi (P ⫽ 9.0 ⫻ 10⫺8), which contains many steroid
hormone-induced genes, and is the proliferation cluster discussed in
the previous section. Remarkably, 30% of the genes in this cluster are
ER discriminators, and all 26 of these genes are ER⫺ discriminators.
This dramatic correlation may, in part, reflect the higher flow cytometric S-phase fraction observed in ER⫺ breast tumors (55), and the
high proportion of S phase, mitosis, and cell cycle-related genes in
this cluster. Conversely to cluster Fig. 5A, vi, the estrogen-induced
genes in cluster v contain four ER⫹ status genes, ASAHI, NRIP1,
MYB, and XBP1, a larger number than expected by chance
(P ⫽ 4.7 ⫻ 10⫺3). This cluster interestingly lacks T47D progestininduced genes and lacks genes down-regulated by TPA (compare Fig.
5B clusters v and vi). Importantly, Fig. 5A, cluster iii, the second large
cluster of strongly E2-induced genes, does not correlate at all with ER
discriminator genes. Lastly, Fig. 5A, cluster iv showed a significant
correlation (P ⫽ 0.0012) with genes discriminatory for the more
aggressive ER⫺ tumor type. Remarkably, of the eight ER discriminators in this cluster (CCL3, CXCL1, IL1B, IL6, CALB2, CTSL,
ALDH1A3, and VIM), four are known to be involved in acute inflammatory processes (chemokines CCL3 and CXCL1 and interleukins
IL1B and IL6). VIM has previously been reported as a predictor of
more aggressive/invasive breast cell behavior (56).
Similar to the comparison with the ER discriminators, we conducted a comparison of our 1023 drug-responsive genes with the 231
genes identified by van’t Veer et al. (15) as significantly associated
with disease outcome. One-hundred fifty-two of the 231 genes were
present on our arrays (107 with higher expression in metastatic tumors

and 45 in nonmetastatic tumors). Forty-one of these 152 discriminators were present in our set of 1023 drug-responsive genes (see
supplementary Fig. 3 for gene comparison). Using the 2 test, we
established that these genes were not randomly distributed among our
clusters (metastatic, P ⬍ 0.0005; nonmetastatic, P ⬍ 0.05). Remarkably, 19 of these 41 prognosis predictors are present in cluster vi, and
all 19 were metastatic indicators [having higher expression in poor
prognosis samples as compared with good prognosis samples
(P ⫽ 1.5 ⫻ 10⫺13; Ref. 15)]. This is consistent with the known
importance of S-phase fraction in determining patient prognosis (57).
Of the 89 genes in Fig. 5 cluster vi, 37 are either ER⫺ discriminators
or indicators of poor prognosis (eight genes are discriminatory for
both), which is consistent with the proliferation signature defining this
cluster.
GO Mapping of Expression Profiles Identifies Functional Responses to Drug Treatments. Mapping of genes to GO nodes is a
powerful functional genomics tool suited to the analysis of microarray
data because one can discover whether related groups of genes from
expression clustering share significant functional annotation in the
GO database. Our data were analyzed with respect to the ontology
provided by the GO Consortium (36). We have developed a novel
method to identify the most significant GO nodes associated with
gene expression patterns in individual or combinations of drug treatment profiles. This method involves first re-sorting gene expression
profiles of interest using a reshuffling algorithm (see “Materials and
Methods”), which reorders expression patterns such that the most
correlated patterns become adjacent. This method is especially suited
to extract the structure of smoothly varying data patterns typical of
time course analyses. As a result, we observe a time course-like
dimensionality along the reordered genes that cannot easily be
achieved using most existing clustering methods. GO terms harboring
dense numbers of genes with shared annotations are then identified
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Fig. 6. GO mapping of expression profile data. E2 and
E2 antagonist expression data were filtered for minimum
quality requirements and reshuffled as described in the
“Materials and Methods.” The result is shown in the top
red/green plot, with experimental conditions ordered vertically and reshuffled genes shown horizontally. The 4310
genes included in the reshuffling were mapped to the GO
database (see “Materials and Methods”), and nodes containing dense numbers of genes were individually examined and plotted if they showed visual correlation with the
strongest peaks in the reshuffling plot. B, EGF compared
with E2 data (4825 genes) were reshuffled relative to each
other, and gene density plots were generated as in A. For
complete lists of genes under each GO peak, refer to
supplementary Table 1.

and positionally plotted relative to the peaks in gene expression
changes in the reshuffling plot (see “Materials and Methods”). We
present two examples using this method: first, comparing E2 and E2
antagonist data (Fig. 6A); and second, MCF7/E2 with MCF7/EGF
data (Fig. 6B). Fig. 6A shows genes regulated by E2 and antiestrogens
in MCF7. Using reshuffling and GO analysis, we identified distinct
biological responses in this data, including a strong signal related to
regulation of DNA and RNA metabolism and cell cycle genes, as well
as cell motility and adhesion genes. Similarly, in Fig. 6B, comparison
of the GO peaks characterizing the MCF7 E2 and EGF responses
reveals differences between these two mitogens. For example, both
ligands lead to striking GO signals for receptor signaling and for
adhesion-related genes, but these genes were regulated in opposite
directions by these two treatments. These examples demonstrate the
power of the controlled vocabulary of the GO database to facilitate
automated extraction of potentially useful biological information from
expression data. These results can then be used to generate hypotheses
to guide additional mechanistic studies of the distinct and overlapping
pathways associated with various drug treatments.
In conclusion, this study provides a detailed analysis of genes that
are induced or repressed by regulators of breast cancer cell growth in
three breast cancer cell lines. By developing a database of gene
regulation across a broad set of conditions, we identified a complex
pattern of cell type and drug-specific responses in this dataset. Most
strikingly, we report large regions of overlap in the pattern of genes
regulated by steroid hormones, EGF, and TPA. The separation of

E2-inducible genes into two or three groups, either positively or
negatively regulated by TPA particularly illustrates the power of this
approach. Although the interrelationships of these important signaling
pathways have been discussed in recent literature, our data provides a
novel overview of the relationship between the genes regulated by
these signaling networks. This data also highlights inherent pharmacological differences and the overall impact at the gene expression
level of clinically relevant agents. The observation of functionally
related groups of genes in our expression clusters and GO analysis
allows the identification of distinct biological pathways regulated by
the agents used and provides the basis for future mechanistic studies.
By comparing our in vitro gene expression data with data from tumor
specimens (15), we observed that the majority of genes regulated in
cell culture do not predict ER status in tumors. We conclude that these
genes more likely reflect differences in the underlying histogenesis
and mechanisms of disease progression in ER⫹ and ER⫺ tumors
rather than the impact of hormone signaling. Interestingly, we found
that a larger proportion (41 of 152) of the prognosis indicators
described by van’t Veer et al. (15) are responsive to drug treatment in
our dataset. We have established a connection between several gene
clusters regulated in cell culture and genes that discriminate ER status
and disease outcome in clinical specimens. These observations provide an opportunity to investigate these clusters for common mechanisms, which may be responsible for their coregulation in tumors.
Our data provides a number of additional opportunities for future
studies. Many of the regulated genes, including some very responsive
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genes (Fig. 2B), are ESTs. Investigation of these genes is likely to
identify biochemical pathways relevant to the growth and differentiation of breast cancer cells. GO mapping has identified regulation in
a number of functional categories, including cell adhesion and transport molecules, which have not been previously recognized as candidate targets of signal transduction pathways in breast cancer. It will be
of considerable interest to examine the group of regulated genes we
have identified for the presence of regulatory elements, which may
account for their behavior. Finally, it will be possible to extend the
comparison of our data with other clinical subsets such as hormone
refractory ER⫹ tumors.

min
兵
for all {␣,␤}

ti ⫽
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Cross-Array Normalization and Ratio Averaging. For a set of replicated
experiments where RNA from the same test sample was replicated and hybridized, with the same reference RNA, to multiple arrays, we prefer to
average expression ratios to reduce the noise level, as well as maintaining the
characteristics of independence when compared with the other samples. Notice
that the array-array variation may come from multiple sources such as printbatch variation and hybridization noises; we design the averaging process in
two steps: cross-array normalization and weighted ratio averaging.
Cross-Array Normalization. Cross-array normalization is based on the
fact that reference channel and test sample channel from replicated array are
from the same RNA source, respectively. Therefore, beside the requirement
that two channels within each array shall be correlated (which is the theoretical
base of normalization relative to the reference channel for all experiments), we
additionally constrain that for any two replicate experiments, the intensities of
test sample channels, as well as intensities from reference channels, shall be
correlated, with some level of interarray noises. Assume there are n replicated
arrays for one test RNA, and let ri,n and gi,n denote the logarithm-transformed
intensities from ith gene of test sample and reference sample in nth replication,
respectively. When ri,n and gi are correlated to some extent, the parameters (an
and bn) in the following regression are meaningful.

g i,n ⫽ a n r i,n ⫹ b n

(1)

In standard normalization procedure, we would like to find a set of normalization parameters (conversion parameters), {␣ n, ␤ n} and

冦

r i,n 4 ␣ 1,n r i,n ⫹ ␤ 1,n
for all genes i,

(2)

gi,n 4 ␣2,ngi,n ⫹ ␤2,n

such that an will be 1 (or logan ⫽ 0) and bn will be 0. In cross-array
normalization, we extend Eqs. 1 and 2 as follows:

y i,m,n ⫽ a m,n x i,m,n ⫹ b m,n

(3a)
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(4)

where wm,n and vm,n are the weight for each corresponding regression parameter. In our cross-array normalization, we let wm,n ⫽ vm,n ⫽ 2 if m ⫽ n,
otherwise wm,n ⫽ vm,n ⫽ 1. By using this weighting scheme, we enforce that
the standard normalization to be more accurate (gene expression levels from
each channel are correlated along 45 line) before cross-array normalization.
Weighted Ratio Averaging. After cross-array normalization in which ratios from all genes are corrected according to the normalization parameters
given in Eq. 2, the weighted average expression ratio for ith gene, ti, and its
corresponding quality measure qi, are
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where ti,m is the logarithm-transformed expression ratio of ith gene in mth
replication. wi,m is the weight of ith gene in mth replication, which is determined as follows:
2
w i,m ⫽ q i,m
䡠 关共 r i,m ⫹ g i,m 兲 / 2 兴

v i,m ⫽ 关共 r i,m ⫹ g i,m 兲 / 2 兴

(6a)
(9)

where qi,m is the measurement quality of ith gene in mth replication, and
(ri,m ⫹ gi,m)/2 is the average intensity of ith gene in mth replication. Eq. 6a is
chosen because we need to weigh less for lower quality genes, and we need to
put more weight for ratios with higher intensities. If all weights are zeroes, Eq.
5a reduces down to a simple average without any weights. The same procedure
can be applied to intensities instead of ratio.
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