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Breast cancer is characterized by an important histoclinical heterogeneity that currently hampers the
selection of the most appropriate treatment for each
case. This problem could be solved by the identification of new parameters that better predict the natural
history of the disease and its sensitivity to treatment.
A large-scale molecular characterization of breast
cancer could help in this context. Using cDNA arrays,
we studied the quantitative mRNA expression
levels of 176 candidate genes in 34 primary breast
carcinomas along three directions: comparison of
tumor samples, correlations of molecular data with
conventional histoclinical prognostic features and
gene correlations. The study evidenced extensive
heterogeneity of breast tumors at the transcriptional
level. A hierarchical clustering algorithm identified
two molecularly distinct subgroups of tumors
characterized by a different clinical outcome after
chemotherapy. This outcome could not have been
predicted by the commonly used histoclinical
parameters. No correlation was found with the age of
patients, tumor size, histological type and grade.
However, expression of genes was differential in
tumors with lymph node metastasis and according to
the estrogen receptor status; ERBB2 expression was
strongly correlated with the lymph node status
(P < 0.0001) and that of GATA3 with the presence of
estrogen receptors (P < 0.001). Thus, our results
identified new ways to group tumors according to
outcome and new potential targets of carcinogenesis. They show that the systematic use of cDNA
array testing holds great promise to improve the
classification of breast cancer in terms of prognosis
and chemosensitivity and to provide new potential
therapeutic targets.

INTRODUCTION
Pathologists and clinicians in charge of the management of
breast cancer patients are facing two major problems, namely
the extensive heterogeneity of the disease and the lack of
factors—among conventional histological and clinical
features—predicting with reliability the evolution of the
disease and its sensitivity to cancer therapies. Breast tumors of
the same apparent prognostic type vary widely in their responsiveness to therapy and consequent survival of the patient.
New prognostic and predictive factors are needed to allow an
individualization of therapy for each patient. Great hope is
currently being placed on molecular studies which address the
problem in a global fashion. Methods such as cytogenetics,
comparative genomic hybridization and whole genome allelotyping have addressed the issue at the genome level. Currently,
the modifications that take place in human tumors at the level
of transcription can also be studied in a large, unprecedented
scale, using new methods such as cDNA arrays that allow
quantitative measurement of the mRNA expression levels of
many genes simultaneously (1,2). Using arrays in which PCR
products from cDNAs are arranged on a nylon membrane and
hybridized with a radioactive probe made from relatively small
amount of total RNA (3–5), we report the expression profiles
of 176 candidate genes in a panel of 34 breast carcinomas and
their analysis in correlation with conventional prognostic variables. The main objective of this study was to assess the
capacity of cDNA array testing in clinical practice to better
classify a heterogeneous cancer into tumor subtypes with more
homogeneous clinical outcomes, and to identify new potential
prognostic factors and therapeutics targets.
RESULTS
Data representation
Figure 1 shows examples of hybridizations of cDNA arrays
with probes made from RNA extracted from normal breast
tissue and breast tumors.
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omitting 18 clones whose median intensity was equal to zero
across all tissues. Data for each of the 162 remaining clones
were then median-centered, as well as data for each sample, so
that the relative variation was shown, rather than the absolute
intensity. A color scale was used to display data: red was used
for expression level higher than the median and green for
expression level lower than the median. The magnitude of the
deviation from the median was represented by the color intensity.
A hierarchical clustering program was then applied to group
the 35 samples according to their overall gene expression
profiles and to group the 162 clones on the basis of similarity
of their expression levels in all tissues. This resulted in a
picture highlighting groups of correlated tissues and groups of
correlated genes as depicted by dendrograms.
Breast tumor classification

Figure 1. Example of differential gene expression between normal breast tissue (NB) and breast tumor samples. Each cDNA array on nylon filter was
hybridized with a complex probe made from 5 µg of total RNA. The top image
corresponds to the whole membrane. For the two bottom images, only the right
portion of the membranes is shown. Numbers below the spots indicate housekeeping genes (1, GAPDH; 2, actin), negative control clones (3–5) and examples of genes differentially expressed between NB and breast tumor (6,
stromelysin3; 7, ERBB2; 8, MYBL2; 9, FOS; 10, TGFβR3; 11, desmin) and
between ER – breast tumor and ER+ breast tumor (12, GATA3).

The crude results of all hybridizations were processed to be
presented either as absolute or relative values in schematic
figures. The normalization procedure allowed to display absolute
values expressed in percentage abundance of mRNA in the
probe (Fig. 2a). Each level of the blue color ladder represents a
3-fold interval of absolute abundance of mRNA. Each column
corresponds to a tissue sample and each row to a gene. For
graphic purpose, genes were ordered from top to bottom
according to increasing median expression levels. Tumor
samples were not ordered. The values in each sample displayed
a wide range of intensities (3 decades in log scale) corresponding to expression levels ranging from ∼0.002 to 5% of
mRNA abundance. Many genes (for example stromelysin 3,
IGF2 and GATA3, arrows) displayed highly variable expression
levels across all tumor samples, scattered over the whole
dynamic range of values. A representation of relative values is
shown in Figure 2b. Absolute values were log-transformed,

As shown in Figure 2b, the clustering algorithm identified two
groups of samples, designated A [n = 15, including normal
breast (NB)] and B (n = 20). These groups were similar with
respect to patient age, menopausal status at diagnosis, Scarff–
Bloom–Richardson (SBR) grading and tumor pathological
size. However, 72% of tumors in group A were node positive
and 75% in group B were node negative. Moreover, 80% of the
tumors in group B were estrogen receptor (ER) positive and
50% in group A were ER negative. With a median follow-up of
44 months after diagnosis, overall survival was different
between A and B groups: five women died in A (median
follow-up 58 months) and one in B (median follow-up
40 months). But the frequency of metastatic relapse was relatively
similar in the two groups, with five women who relapsed in A
and six in B. Because the time between the diagnosis of metastasis
and last follow-up is too short in B, a longer follow-up is
needed to determine whether these two different groups,
defined with expression profiles, really have a different
outcome with respect to overall survival.
In group A of 15 samples, three samples (normal breast and
two tumors) were different from each other and from the other
12 samples; the latter constituted two subgroups of tumors, A1
(n = 6) and A2 (n = 6), which could be further separated by
clustering (Fig. 2c). The 12 tumors had a uniformly high risk of
metastatic relapse according to conventional prognostic
features (Table 1). Most of them had received comparable
adjuvant anthracyclin-based chemotherapy after surgery, with
more women treated in the A1 subgroup. Interestingly, these
two subgroups, which could not be distinguished with the
commonly used histoclinical features, had a very different clinical
outcome. There were four metastatic relapses and four deaths
in A1 (median follow-up 44 months). In contrast, and despite a
longer median follow-up (90 months), no metastasis or death
occurred in A2. This resulted in a significant better metastasisfree survival (P < 0.01) and overall survival (P < 0.005) for
group A2 than for group A1 tumors. No such subgrouping
could be done in B.
We searched for genes responsible for group A substructure;
these are potentially relevant to the prognosis and the sensitivity to
chemotherapy in these tumors. Thirty-two of 176 genes were
identified by comparing their median expression level in A1
versus A2. We then reclustered the 12 tumors using the expression
profiles of these genes (Fig. 3). The same subgroups A1 and
A2 were evident and separated by two groups of genes: as
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expected from the literature, high expression of ERBB2, MYC
and EGFR was associated with bad prognosis subgroup A1 (6–8)
and that of E-cadherin and the proto-oncogene MYB with good
prognosis subgroup A2 (9,10). For most of the other genes,
literature data are scarce and these results may stimulate new
investigations. Differentiation state is a good prognostic factor
in breast cancer and, accordingly, genes associated with cell
differentiation, such as GATA3 (11) and CRABP2 (12), had a
high level of expression in the better outcome group. The high
expression of Ephrin-A1 mRNA in the bad prognosis subgroup
suggests a role of this growth factor in breast cancer and can be
paralleled with its upregulation during melanoma progression (13).
Differential gene expression between normal breast and
breast tumors
To identify genes differentially expressed between breast
tumors (T) and NB, the NB value for each gene was compared
with its expression level in each tumor. When the expression
level of a gene in NB was undetectable, only qualitative information could be deduced and the mRNA was considered as
differentially expressed if the signal intensity in the tumor was
superior to the reproducibility threshold (0.002% of mRNA
abundance). In the other cases, differential expression was
defined by an at least 2-fold expression difference. We also
measured for each gene the number of tumors where it was
over- or underexpressed. Table 2 shows a list of the top 20
over- and underexpressed genes. For these genes, we reported
the T:NB ratio, where T represented their median expression
value in the 34 tumors. This ratio ranged from 2.70 (ABCC5) to
17.76 (GATA3) for the overexpressed genes and from 0.00
(desmin) to 0.29 (APC) for the underexpressed genes.
High expression of mucin 1, NM23, ERBB2, FGFR1 and
FGFR2, MYC, stromelysin3, cathepsin D and downregulation
of FOS, APC, RBL2, FAS, BCL2 were found, reflecting what is
known about their biology in cancer. GATA3, which codes for
a member of the GATA family of zinc finger transcription
factors, and CRABP2, encoding one of the two cellular retinoic
acid-binding proteins, showed high expression of mRNA,
extending previous results on cDNA arrays (4).
Differential gene expression among various breast tumors
and correlation with histoclinical prognostic parameters
To search for potential prognostic markers in breast cancer, we
looked for genes with expression levels correlated with
conventional histoclinical prognostic parameters: age of
patients, axillary node status, tumor size, histological grade
and ER status. No significant correlation was found with age,
tumor size and histological grade. However, the expression
profiles of some genes correlated with ER status and axillary
node involvement.
To identify genes potentially relevant to the hormoneresponsive phenotype, we compared the gene expression
profiles in ER-positive breast cancers (n = 23) versus ER-negative
breast cancers (n = 11). Sixteen clones displayed a median
intensity of zero in both groups. Twenty-five presented a fold
change superior to 2. Table 3 displays the top 10 over- and
underexpressed genes. Among them, the most differentially
expressed was GATA3 with a median intensity ratio ER+:ER–
of 28.6 and a value for the first quartile of ER-positive tumors
superior (5-fold) to the value of the third quartile of the ER-

negative tumors (Fig. 4a). The high expression of GATA3 in
ER-positive tumors was statistically significant using a Mann–
Witney test (P < 0.001). All ER-positive tumors and only 18%
of ER-negative tumors displayed a GATA3 expression level
greatly superior (fold change > 3) to the normal breast value.
We further analyzed GATA3 expression by northern blot
hybridization (Fig. 4b) in a panel of 79 breast cancers (21 ERnegative tumors and 58 ER-positive tumors), including 22 of
the tumors analyzed with cDNA arrays; it confirmed the array
results for those 22 tumors as well as the strong correlation
between ER status and GATA3 RNA expression (Mann–
Witney test, P < 0.0001).
To search for genes whose expression profile was correlated
with axillary lymph node status, a strong prognostic factor in
breast cancer, we compared the group of node-negative tumors
(n = 19) with the group of tumors with massive axillary extension
(10 or more positive nodes). Furthermore, because survival
decreases with the increase of the number of tumor-involved
lymph nodes and because our expression measurements were
quantitative, we looked for a correlation between the expression
levels of these genes and the number of tumor-involved nodes
(quantitative variables). Table 3 shows a list of the top 10 overand underexpressed genes between these two groups. Most of
these genes have not been previously reported as associated
with node status, but some of these results are in agreement
with literature data. The gene encoding the tyrosine kinase
receptor ERBB2 was the most significantly overexpressed
gene in node-positive tumors and displayed the highest correlation
coefficient (r = 0.68; P < 0.0001).
Gene clusters
Gene clustering (Fig. 2b) showed groups of genes with correlated
expression across samples. When different clones represented
the same gene, they were clustered next to each other (red
arrows). Correlation coefficients between gene pairs in the 34
tumors were often high (1% of the 13 041 gene pairs showed a
correlation coefficient superior to 0.95; data not shown). An
example of highly correlated gene expression is that of BCL2
and RBL2. Such correlated expression, although it has not been
described in the literature, probably reflects a common mechanism
of regulation for these two genes. Furthermore, these genes
also exhibited significant correlated expression with other
genes such as PPP2CA, AKT2, PRKCSH and TNFRSF6/FAS.
In particular, a striking correlated expression between BCL2
and FAS could be observed (r = 0.91; data not shown). The
exact meaning of this correlation is unknown, although it may
reflect the necessary balance between apoptosis and anti-apoptosis
for cell survival.
DISCUSSION
Although in human cancer the proportion of changes that is
reflected at the RNA level is not known, monitoring gene
expression patterns appears to be a very promising way of
increasing our knowledge of the disease. Several different
types of cancer have been investigated using cDNA arrays:
cervical (14), hepatocellular (15), ovarian (16), colon (17) and
renal carcinomas (18), glioblastomas (19), melanomas (20,21),
rhabdomyosarcomas (22), acute leukemias (23) and lymphomas
(24). In breast cancer, pioneering studies have yielded the first
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expression patterns (4,25–31). They have in particular
addressed the important issue of molecular differences in
hormone responsive and non-responsive breast tumors. Thus,
Yang et al. (28) and Hoch et al. (25) compared expression
profiles of breast carcinoma cell lines known to represent these
two categories and identifed a few genes with differential
expression. One of these genes was GATA3. In these studies,
cell lines were mostly used and tumor samples were rarely
tested and generally in small numbers. The first study
analyzing the expression profiles of a large series of breast

cancers was published recently, but no correlation with clinical
outcome was mentioned by the authors (32). To our knowledge, our study presents one of the largest reported series of
breast cancer samples analyzed with cDNA array technology
and the first one with an analysis of correlation with survival.
Several interesting points can be made at this stage. First, the
differences in expression patterns among the tumors provided
molecular transcriptional evidence of the histoclinical heterogeneity of breast cancer: this diversity was multifactorial,
linked to many different genes, highlighting the interest of high
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throughput analysis in this context. It was possible, with a hierarchical clustering program integrating the expression profiles,
to separate normal breast tissue from most tumors and, moreover, to identify two different groups of tumors. Most importantly,
we identified by clustering two different subgroups of tumors
with a very distinct clinical outcome that could not be
predicted with classical prognostic factors. Indeed, all these
tumors had a theoretically bad prognosis as evaluated by
current histoclinical tools. All these patients would be at the
present time treated with adjuvant chemotherapy, but without
the capacity for the physicians to identify patients who will
benefit from this treatment and those who will not benefit.
Gene expression profiles were apparently able to make this
discrimination. Such predictive tools would have important
therapeutic implications; patients with features of poor prognosis would be candidates for other treatment than standard
chemotherapy, avoiding loss of time and toxicities related to
first-line chemotherapy. Our results, although obtained with a
small series of patients, suggest that the histoclinical category
of poor prognosis breast cancer, currently treated with adjuvant
anthracyclin-based chemotherapy, groups together at least two
molecularly distinct subgroups of tumors with different
outcomes which would require distinct chemotherapy regimens.
Expression profiles could thus provide a new and more accurate
way of classifying breast tumors of poor prognosis and of
managing patients. Similar results were recently reported in
one study concerning diffuse large B cell lymphomas (24).
Similarly, despite molecular heterogeneity, significant correlations between the expression level of genes (GATA3, ERBB2)
and histological tumor parameters were identified. The ERpositivity in breast cancer has been correlated with tumor
differentiation, low proliferating rate, favorable prognosis and
response to hormonal therapy. The relation between hormone
sensitivity of breast cancer and ER status is not perfect and it is
possible that some genes related to ER expression are more
important than ER to characterize the hormone-sensitive
phenotype. These genes could serve as predictive factors to
guide the therapy and could stimulate research leading to
biochemical intervention on new therapeutic targets. GATA3
mRNA expression was highly correlated with ER status.
GATA3, which is not estrogen regulated (25), is a transcription
factor which could regulate the expression of genes involved in
the ER-positive phenotype. Among the other genes that we
found associated with ER status, some, such as MYB (10),
stromelysin 3 (33) and CRABP2 (34), have been previously
reported expressed at high levels in ER-positive breast tumors.

The higher levels of TP53 mRNA in our ER-positive tumors
were surprising, although in agreement with a recent study
(27). Most studies concerning TP53 expression analyzed the
protein level rather than the mRNA level and TP53 protein
levels are classically negatively correlated with the ER status
(35). The high expression of CRABP2 could be related to the
better differentiated status of the ER-positive tumors. The low
expression of the three immunity-related genes IL2RB, IL2RG
and CD3G may be related to the low lymphoid infiltration in
these well differentiated tumors. ERBB2 high expression in
breast cancer has been associated with a poor prognosis and
some resistance to hormonal therapy and chemotherapy (36). It
is involved in the regulation of cellular differentiation, adhesion
and motility. The motility-enhancing activity of ERBB2 (37)
could be responsible for the increased metastatic potential and
the unfavorable prognosis of the breast tumors that overexpress
ERBB2. The low expression of E-cadherin and thrombospondin 1 in node-positive tumors are consistent with their
putative role in different steps of metastatic spread: E-cadherin
is an epithelial cell adhesion molecule whose disturbance is a
prerequisite for the release of invasive cells in carcinomas (38)
and thrombospondin 1 inhibits angionesis (39). Similarly, the
high expression of the molecule surface antigen Mucin 1 in
node-positive tumors (40) can reduce cell–cell interactions
facilitating cell detachment and metastasis. CD44, encoding a
transmembrane glycoprotein involved in cell adhesion and
lymph node homing (41) was expressed at high levels in nodepositive tumors as well as GSTP1 (glutathione S-transferase
Pi), recently reported associated with increased tumor size (27).
Second, there were a number of genes with highly correlated
expression patterns. Gene correlations have already been
reported with larger series of genes, essentially under dynamic
experimental conditions (42) and recently in steady states (17).
Here, correlations were based on expression profiles of a relatively small but selected series of genes and in steady states
represented by different breast tumors. Gene correlations are
potentially useful tools for cancer research in two ways:
(i) they can provide information about the general regulation
circuitry of a cancerous cell, allowing the identification of
regulatory elements controlling expression networks; and
(ii) they offer the possibility of reducing the complexity of the
system analyzed by replacing, for example, the intensities of a
large number of genes present in a gene cluster by their respective
mean intensities.
Finally, our results, like other recent studies, highlight the
great potential of cDNA array in cancer research. The gene

Figure 2. Representation of expression levels of 176 genes in normal breast tissue and 34 samples of breast carcinoma. Each column corresponds to a single tissue,
and each row to a single gene. (a) The results are expressed as percentage abundance of individual mRNA within the sample, and are represented using a blue color
scale. The color scale (log scale with a 3-fold interval) indicated at the bottom left ranges from light blue (expression level ≥ 0.001%) to dark blue (expression level
≥ 3%). White squares indicate clones with undetectable expression levels and gray squares indicate missing data. The tissue samples are arbitrarily ordered and the
clones are ordered from top to bottom according to increasing median expression levels. Horizontal black arrows on the right of the figure mark three clones with
highly variable expression levels between the tumors (stromelysin3, IGF2 and GATA3 from top to bottom). (b) The results are shown as relative expression levels
(relative to the median value of each row and each column) and are represented with a color scale indicated at the bottom left ranging from 1/100 to 100-fold
changes (gray squares indicate missing data). Eighteen clones with median expression level equal to zero in the 34 tumors are omitted. The clustering program
arranges samples (n = 35) along the horizontal axis so that those with the most similar expression profiles are placed adjacent to each other. Similarly, clones (n =
162) are near each other along the vertical axis if they show a strong expression profile correlation across all tissues. The length of the branches of the dendrograms
capturing respectively the samples (top) and the clones (left) reflects the similarity of the related elements. Two groups of tumors are separated and color coded:
group A (blue) and group B (orange). Horizontal black and red arrows on the right of the figure, respectively, mark three genes with highly variable expression
levels between the tumors (IGF2, GATA3 and stromelysin3 from top to bottom) and four pairs of different clones representing four genes. (c) Zoom representation
of group A from (b), excluding the two outlier tumors at the right. The clustering separates two subgroups of tumors, A1 and A2. The dotted branches correspond
to tumors associated with metastatic relapse and death. Follow-up was longer in A2 (median 90 months) than in A1 (median 44 months).
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Table 1. Patient characteristics in subgroups A1 and A2
Subgroup

A1

A2

Tumor position in the cluster

1

2

3

4

5

6

7

8

9

10

11

12

Age (years)

46

58

60

63

51

58

46

47

50

47

46

66

Nodal status

1

0

0

16

13

37

10

4

1

2

0

0

Histological size (mm)

60

20

26

35

20

30

27

25

30

25

20

22

SBR grade

II

III

II

III

II

III

II

II

II

II

II

III

ER status

–

–

–

–

–

–

+

-

+

+

+

+

Adjuvant chemotherapy

Yes

Yes

No

Yes

Yes

Yes

Yes

Yes

No

Yes

No

No

Metastasis

Yes

No

Yes

Yes

No

Yes

No

No

No

No

No

No

Follow-up (months)

58

106

35

47

41

31

85

98

95

49

19

141

Patient statusa

D

A

D

D

A

D

A

A

A

A

A

A

The 12 tumors are numbered from 1 to 12 according to their position from left to right in the clustering graphic displayed in Figure 3.
Adjuvant chemotherapy was anthracyclin based.
aA, alive; D, death from cancer progression.

expression profiles confirmed the heterogeneity of breast
cancer and most importantly allowed us to identify, among a
series of poor prognosis breast tumors, two subtypes of the
disease not yet recognized with usual histoclinical parameters
but with a different clinical outcome after adjuvant chemotherapy. Furthermore, we detected genes of which expression
was correlated with classical prognostic factors. Obviously,
given the high molecular heterogeneity of breast cancer, more
samples and more genes will be necessary to evaluate the
actual capacity of the method to classify all breast tumors into
reliable prognostic subtypes and to identify the most discriminant
genes. That will also require selection of more homogeneous
series of patients in regard to their tumor characteristics,
treatment and long follow-up, in order to answer precise
questions. But as yet, these results are very encouraging.
MATERIALS AND METHODS
Tumor samples and RNA extraction
To avoid any bias of selection as to the type and size of the
tumors, the RNAs to be tested were prepared from unselected
samples. Samples of primary invasive breast carcinomas were
collected from 34 patients undergoing surgery at the Institut
Paoli-Calmettes. After surgical resection, the tumors were
macrodissected: a section was taken for the pathologist’s
diagnosis and an adjacent piece was quickly frozen in liquid
nitrogen for molecular analyses. The median age of patients at
the time of diagnosis was 55 years (range 39–83) and most of
them were post-menopausal. Tumors were classified according
to the WHO histological typing of breast tumors: 29 ductal
carcinomas, 2 lobular carcinomas, 1 mixed ductal and lobular
carcinoma and 2 medullary carcinomas. They had various
sizes, inferior or equal to 20 mm (n = 13), between 20 and
50 mm (n = 18) or superior to 50 mm (n = 3), axillary lymph
node status (negative: 19 tumors; positive: 15 tumors), SBR
grading (I: 3 tumors; II: 20 tumors; III: 10 tumors; not evaluable:

1 tumor) and ER status evaluated by immunohistochemical
assay (23 ER positive, 11 ER negative). The ER-positivity
cutoff value was 10%. Adjuvant treatment with radiotherapy
and when necessary multi-agent anthracyclin-based chemotherapy (n = 16) was given to patients according to local practice.
Total RNA was extracted from tumor samples by standard
methods, as previously described (43). Total RNA from NB
tissue was obtained from Clontech (Palo Alto, CA). RNA was
isolated from eight tissue specimens from Caucasian females,
age range 23–47 years. RNA integrity was controlled by denaturing formaldehyde agarose gel electrophoresis and northern
blots using a 28S-specific oligonucleotide.
cDNA arrays preparation
Gene expression was analyzed by hybridization of arrays with
radioactive probes. The arrays contained PCR products of five
control clones and 180 IMAGE human cDNA clones selected
with practical criteria (3′ sequence of mRNA, same cloning
vector, host bacteria and insert size). This represented 176
genes (four genes were represented by two different clones):
121 with proven or putative implication in cancer and 55 implicated
in immune reactions (the list is available at http:/
tagc.univmrs.fr/pub/Cancer/ ). Their identity was verified by 5′
tag-sequencing of plasmid DNA and comparison with
sequences in the expressed sequence tag (dbEST) and nucleotide (GenBank) databases at the NCBI. Identity was confirmed
for all but 14 clones without significant gene similarity, which
were referenced by their GenBank accession number. The
control clones were: Arabidopsis thaliana cytochrome c554
gene (used for hybridization signal normalization), three
poly(A) sequences of different sizes and the vector pT7T3D
(negative controls).
PCR amplification, purification and robotical spotting of
PCR products onto Hybond-N+ membranes (Amersham Pharmacia
Biotech, Little Chalfont, UK) were done according to
described protocols (4). All PCR products were spotted in
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Detection and quantification of cDNA array hybridization
signals
Quantitative data were obtained using an imaging plate device.
Hybridization signal detection with a Fuji Bas 1500 machine
(Raytest, Paris, France) and quantification with the HDG
Analyser software (Genomic Solutions, Ann Arbor, MI) were
done as previously described (http:/tagc.univ-mrs.fr/pub/
Cancer/ ). Quantification was calculated by integrating all spot
pixel intensities and substracting a spot background value
determined in the neighboring area. Spots were located with a
LaPlacian transformation. Spot background level was the
median intensity of all the pixels present in a small window
centered on the spot and which were not part of any spot (44).
Quantified data were normalized in three steps and expressed
as absolute gene expression levels (i.e. percentage abundance
of individual mRNA with respect to mRNA within the sample)
as described (4).
Array data analysis

Figure 3. Prognostic classification of breast cancer by gene expression profiling. The 12 samples of group A (see Fig. 2b and c) were reclustered using the
top 32 differentially expressed genes between A1 and A2 subgroups. Data
were displayed as in Figure 2b and shown with the same color key. The hierarchical clustering was applied to expression data from the 23 clones (of 32) of
which expression levels presented at least a 2-fold change in two or more samples (out of 12). Two subgroups of tumors, A1 and A2, are shown as well as
two groups of differentially expressed clones. The dotted branches of tumor
cluster A1 correspond to samples associated with metastatic relapse and death.

duplicate. For normalization purpose, the c554 gene was
spotted 96-fold scattered over the whole membrane.
cDNA array hybridizations
Hybridizations were done successively with a vector
oligonucleotide (to precisely determine the amount of target
DNA accessible to hybridization in each spot), then after stripping
of vector probe, with complex probes made from the RNAs
(4). Each complex probe was hybridized to a distinct filter.
Probes were prepared from total RNA with an excess of
oligo(dT25) to saturate the poly(A) tails of the messengers and
to insure that the reverse transcribed product did not contain
long poly(T) sequences. A precise amount of c554 mRNA was
added to the total RNA before labelling to allow normalization
of the data.
Five micrograms of total RNA (∼100 ng of mRNA) from
tissue samples were used for each labeling. Probe preparation
and hybridization of the membranes were done according to
previously described procedures (http:/tagc.univ-mrs.fr/pub/
Cancer/ ). Hybridization was done in excess of target (∼15 ng
of DNA in each spot) and binding of cDNAs to the targets was
linear and proportional to the quantity of cDNA in the probe.

Before analysis of the results, the reproducibility of the experiments was verified by comparing duplicate spots, or one
hybridization with the same probe on two independent arrays,
or two independent hybridizations with probes prepared from
the same RNA. In every case, the results showed good reproducibility with respective correlation coefficients of 0.95, 0.98
and 0.98 (data not shown). Moreover, genes represented by
two different clones on the array, such as CDK4 or ETV5,
displayed similar expression profiles for the two clones in all
samples. This reproducibility was sufficient enough to consider
a 2-fold expression difference as significantly differential.
For graphical representation, data were displayed as absolute
expression levels (Fig. 2a). For better visualization of clustering, results were log-transformed and displayed as relative
values median-centered in each row and in each column
(Fig. 2b). Hierarchical clustering was applied to the tissue
samples and the genes using the Cluster program developed by
Eisen et al. (45) (average linkage clustering using Pearson
correlation as similarity metric). Results in Figures 2 and 3
were displayed with the TreeView program (45).
Subsequent analysis was done using Excel software (Microsoft)
and statistical analyses with SPSS software. Metastasis-free
survival and overall survival were measured from diagnosis
until the first metastatic relapse or death, respectively. They
were estimated using the Kaplan–Meier method and compared
between groups with the log-rank test. Correlations of gene
pairs based on expression profiles were measured with the
correlation coefficient r. The search for genes with expression
levels correlated with tumor parameters was done in several
successive steps. First, genes were detected by comparing their
median expression level in the two subgroups of tumors
discordant according to the parameter of interest. We used the
median values rather than the mean values because of the high
variability of the expression levels for many genes, resulting in
a standard deviation of expression level similar or superior to
the mean value and making comparisons with means impossible. Second, these detected genes were inspected visually on
graphics and, finally, an appropriate statistical analysis was
applied to those that were convincing to validate the correlation.
Comparison of GATA3 expression between ER-positive
tumors and ER-negative tumors was validated using a Mann–
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Table 2. List of the genes that show the most frequent differential expression between normal breast tissue and 34 breast carcinomas as measured by
cDNA array analysis
Clone ID

Gene/protein identity

Gene symbol

Chromosome location n

T:NB

Overexpressed genes
154343

Granzyme H

GZMH

14q11.2

32

9.51

235947

Stromelysin 3

STMY3

22q11.2

31

15.92

207378

MYB related protein B

MYBL2

20q13.1

31

a

153275

Cellular retinoic acid binding protein 2

CRABP2

1q21.3

29

7.16

129757

GATA-binding protein 3

GATA3

10p15

28

17.76

120649

T-lymphocyte surface CD2 antigen

CD2

1p13.1

28

7.54

109677

CREB binding protein

CREBBP

16p13.3

28

5.08

172152

EGFR-binding protein GRB2

GRB2

17q24–q25

28

5.00

66969

Transcription factor RELB

RELB

19

28

3.61

182007

ETS-related transcription factor ELF1

ELF1

13q13

27

3.58

153446

LIM domain protein RIL

RIL

5q31.1

26

4.03

203394

ETS variant gene 5 (ETS-related molecule)

ETV5

3q28

25

3.67

160963

Thrombospondin 1

THBS1

15q15

25

3.39

188393

POU domain, class 2, transcription factor 2

POU2F2

19

24

4.02

187822

Integrin, beta 2

ITGB2

21q22.3

24

3.01

243907

Nuclear factor of activating T cell subunit p45

NF45

1

24

2.84

158347

EST H27202

EST

23

2.91

230933

EST AW184517

EST

22

2.85

212366

ATP-binding cassette, sub-family C (CFTR/MRP), 5

ABCC5

3q27

22

2.70

149401

Cathepsin D

CTSD

11p15.5

21

2.97

Desmin

DES

2q35

34

0.00

Underexpressed genes
153854
208717

P55-C-FOS proto-oncogene protein

FOS

14q24.3

33

0.05

159093

Transcription factor AP4

TFAP4

16p13

33

0.11

124340

Tenascin XA

TNXA

6p21.3

33

0.14

133738

Prolactin

PRL

6p22.2–p21.3

32

0.00

133891

Chorionic somatomammotropin hormone 1

CSH1

17q22–q24

32

0.00

151501

Tyrosine kinase receptor TEK

TEK

9p21

32

0.00

183030

Activating transcription factor 3

ATF3

1

32

0.07

120916

Phosphodiesterase I

PDNP2

8q24.1

32

0.14

155716

EST R72075

EST

31

0.00

208118

Transforming growth factor beta receptor type III

TGFBR3

1p33–p32

31

0.14

187547

Diphtheria toxin receptor

DTR

5q23

31

0.17

108490

HIV-1 Rev binding protein

HRB

2q36

31

0.20

147002

B-cell CLL/lymphoma 2

BCL2

18q21.3

31

0.26

182610

Microsomal glutathione S transferase 1

MGST1

12p12.3–p12.1

31

0.28

152802

Phospholipase A2 membrane associated, group IIA

PLA2G2A

1p35

30

0.03

183087

Interleukin 3 receptor alpha chain

IL3RA

Xp22.3;Yp13.3

30

0.24

108571

Retinoblastoma-like 2 (p130)

RBL2

16q12.2

29

0.28

125294

Adenomatous polyposis coli protein

APC

5q21–q22

29

0.29

151767

FASL receptor

TNFRSF6

10q24.1

28

0.27

n, number of tumor samples in which the gene is dysregulated (fold change ≥ 2) compared with normal breast tissue; T:NB, ratio of median expression
level in 34 breast tumors to expression level in normal breast.
aMYBL2 transcript displayed a median expression level of 0.025% in breast tumors and was undetectable in NB.
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Table 3. List of genes differentially expressed between ER-positive and ER-negative breast tumors and between axillary lymph nodenegative tumors and tumors with 10 or more involved lymph nodes
Clone ID

Gene/protein identity

Gene symbol

ER+:ER–

129757

GATA-binding protein 3

GATA3

28.6

356763

Granzyme A

GZMA

5.7

248613

MYB proto-oncogene

MYB

3.4

211999

KIAA1075 protein

KIAA1075

3.3

235947

Stromelysin 3

STMY3

3.1

229839

Macrophage stimulating 1

MST1

2.8

153275

Cellular retinoic acid binding protein 2

CRABP2

2.7

301950

X-box binding protein 1

XBP1

2.7

205314

Tumor protein p53

TP53

2.5

126233

Insulin-like growth factor 2

IGF2

2.4

66322

CD3G antigen, gamma

CD3G

0.0

195022

Interleukin 2 receptor gamma chain

IL2RG

0.0

111461

SOX4 protein

SOX4

0.4

151475

Epidermal growth factor receptor

EGFR

0.5

195022

Interleukin 2 receptor beta chain

IL2RB

0.5

130788

Topoisomerase (DNA) II beta (180 kDa)

TOP2B

0.6

323948

SOX9 protein

SOX9

0.6

183641

S100 calcium-binding protein beta

S100B

0.6

246620

EST N53133

EST

0.6

231424

Glutathione S transferase Pi

GSTP1

0.6

Clone ID

Gene/protein identity

Gene symbol

N–:10N+

129757

GATA-binding protein 3

GATA3

11.0

160963

Thrombospondin 1

THBS1

6.6

151475

Epidermal growth factor receptor

EGFR

5.4

120916

Phosphodiesterase I

PDNP2

4.9

183030

Activating transcription factor 3

ATF3

4.6

211999

KIAA1075 protein

KIAA1075

4.5

110480

Nuclear factor 1 A-type

NF1A

4.5

182264

P-selectin

SELP

4.4

356763

Granzyme A

GZMA

4.3

214008

E-cadherin

CDH1

4.0

147016

ERBB2 receptor protein-tyrosine kinase

ERBB2

0.2

179197

Protein phosphatase PP2A, 55 kDa subunit

PP2A BR gamma

0.2

231424

Glutathione S transferase Pi

GSTP1

0.4

111461

SOX4 protein

SOX4

0.4

195022

Interleukin 2 receptor beta chain

IL2RB

0.4

220451

Zinc finger protein 144

ZNF144

0.5

125413

Mucin 1

MUC1

0.6

290007

CD44 antigen, epithelial form

CD44

0.6

108571

Retinoblastoma-like 2 (p130)

RBL2

0.7

130788

Topoisomerase (DNA) II beta (180 kDa)

TOP2B

0.7

2990 Human Molecular Genetics, 2000, Vol. 9, No. 20

Figure 4. Correlation of GATA3 expression with ER phenotype. (a) The expression levels of GATA3 in 34 breast cancer samples (y-axis) monitored by cDNA array
analysis are reported in percentage of abundance of individual mRNA with respect to mRNA within the sample (log scale). GATA3 is significantly overexpressed
in the ER-positive tumors (n = 23) versus the ER-negative tumors (n = 11) using the Mann–Witney test (P = 0.0004). The expression level of GATA3 in normal
breast tissue is reported on the right (NB). (b) Northern blot analysis of GATA3 in normal breast sample (NB) and nine breast cancer samples (AT, tumor analyzed
with cDNA array and northern blot; NT, tumor analyzed with northern blot). Blots were probed successively with cDNA from GATA3 (top) and β–actin (bottom).
ER status is indicated for each tumor sample.

Witney test. Correlation coefficients were used to compare the
gene expression levels with the number of axillary nodes
involved.
Northern blot analysis
Seventy-nine breast tumors, including 22 of the 34 tested on
the arrays, were analyzed for GATA3 expression by northern
blot hybridization. RNA extraction from tumor samples and
northern blots was performed as previously described (43).
The GATA3 probe was prepared from the IMAGE cDNA clone
129757, which corresponds to the 3′ region (from +843 to
+1689) of the GATA3 cDNA sequence (GenBank accession
no. X55122). The insert (846 bp) was obtained by digestion of
the clone with EcoRI and PacI enzymes. Northern blots were
stripped and re-hybridized using a β-actin probe (46).
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