INTERNATIONAL JOURNAL OF ONCOLOGY 29: 1581-1589, 2006

Estrogen receptor alpha positive breast tumors
and breast cancer cell lines share similarities
in their transcriptome data structures
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Abstract. Established human breast cancer cell lines are
widely used as experimental models in breast cancer research.
While these cell lines and their variants share many phenotypic
characteristics with human breast tumors, the extent to which
they reflect the underlying molecular biology of breast
cancer remains controversial. We explored this issue using
a probabilistic rather than heuristic approach. Data from gene
expression microarrays were used to compare the global
structures of the transcriptomes of three estrogen receptor
alpha positive (ER*) human breast cancer cell lines (MCF-7,
T47D, ZR-75-1) and 13 human breast tumors (11 ER*; 2 ER").
Linear representations of the respective data structures were
obtained by deriving those top principal components (PCs)
required to capture =80% of the cumulative variance for each
data set (M PCs). We then identified those genes most highly
correlated with the M PCs (Pearson's correlation coefficient
r=0.800) and identified a group of 36 genes commonly
correlated with both the cell line (M = 5 PCs) and tumor (M
= 6 PCs) data structures. All 36 common genes were
correlated with PC1 from the breast tumor data: 21/36 genes
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were correlated with PC1, 14/36 genes correlated with PC2,
and 1/36 genes correlated with PC3 from the cell line data.
Genes important in defining the data structures include NFxB
p65, IGFBP-6, ornithine decarboxylase-1, and paxillin. When
data from MDA-MB-435 xenografts (ER") were included in the
analysis, we were unable to find any common genes between
these xenografts and the breast tumors. These data clearly
imply that MCF-7, T47D, and ZR-75-1 cells and ER* breast
tumors share substantial global similarities in the structures of
their respective transcriptomes, and that these cell lines are good
models in which to identify molecular events that are likely to
be important in some ER* human breast cancers.

Introduction

Human breast cancer cell lines, whether growing in vitro or
in vivo as xenografts in immunedeficient rodents, are among
the most widely used experimental models in breast cancer
research (1-4). These cell lines and their variants have
been particularly useful as experimental models and enable
investigators to address hypotheses in ways that would be
technically difficult or ethically inappropriate in humans. We
and others have extensively reviewed the characteristics of
selected human breast cancer cell lines, their phenotypes, and
the extent to which these phenotypes reflect key components
of the human disease (2-4).

Almost 100 breast cancer cell lines have been described but
Lacroix and Leclercq estimated that over two-thirds of studies
involved work with only one or more of three models (4): the
estrogen receptor alpha positive (ER*), estrogen-dependent and
antiestrogen sensitive MCF-7 and T47D cell lines, and the
ER-, estrogen-independent and antiestrogen resistant MDA-
MB-231 cell line (3). All three cell lines are tumorigenic and
locally invasive in immunedeficient rodents (2) but only ortho-
topic xenografts of MDA-MB-231 cells produce spontaneous
metastases (5). ZR-75-1 is another commonly used ER* breast
cancer cell line and is phenotypically similar to MCF-7 and
T47D cells (3). MDA-MB-435 cells are widely used as a
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metastatic ER- model (5); while these cells are phenotypically
similar to MDA-MB-231 cells, the breast origin of the MDA-
MB-435 cell line has been questioned (6,7).

It is evident that human breast cancer cell lines reflect
important phenotypic characteristics present in the human
disease, and they have been central to discovering and
extending new knowledge in many areas of breast cancer
research (4). However, the extent to which biological insights
can be extrapolated from preclinical models to the human
disease remains somewhat controversial. Established breast
cancer cell lines exhibit substantial aneuploidy and genetic
instability, and variants can arise spontaneously over time (8).
While this is probably a reflection of the inherent molecular/
genetic instability of breast tumors, it is unclear how well
human breast cancer cell lines growing in vitro reflect the
underlying molecular biology of breast tumors. For example,
a study comparing the molecular profiles of 60 human cell
lines showed that, by unsupervised hierarchical clustering,
breast cancer cell lines do not cluster together but are scattered
across the entire dendrogram (6). These investigators also
reported a hierarchical clustering analysis of data restricted
to five breast cancer cell lines, four leukemia cell lines, two
breast tumors, one breast tumor metastasis, and one specimen
of normal breast tissue. The breast cancer cell lines clustered
together but this cluster was more similar to the leukemia cell
lines than to the breast tumors. Moreover, the normal breast
specimen and the breast tumors formed a single cluster distinct
from all the cell lines (6). A subsequent review of these and
other molecular profiles concluded that breast cancer cell
lines and tumors shared some gene expression patterns in
common. However, the authors took a largely intuitive rather
than probabilistic approach, looking for commonalities in
gene expression patterns in cell lines with predetermined
cellular phenotypes/functions. The authors acknowledged
that alternative interpretations of the data were possible (9).

In this study, our primary goal was to obtain a relatively
unbiased probabilistic assessment of the global similarities in
the transcriptomes of human breast cancer cell lines and breast
tumors. Rather than compare broadly defined phenotypic or
genetic characteristics, we asked directly whether similarities
exist within the structures of their respective high dimensional
gene expression microarray data. To address this goal, we
first developed an application of principal components analysis
(PCA) (10) based on the general approach described by Jolliffe
(11). PCA is a technique that finds linear transformations of
data such that the first principal component (PC) is that linear
projection that best captures the greatest variance in the data.
The second PC is orthogonal to the first and captures the
second greatest variance, and so on. In this manner, PCA can
be used to find those projections that best capture the overall
structure of the data. We show that three of the most widely
used ER* human breast cancer cells lines (MCF-7, T47D,
ZR-75-1) exhibit substantial similarities in their transcriptome
data structures to a panel of mostly ER* breast cancer specimens
from patients.

Materials and methods

Human breast cancer cell lines. MCF-7 cells were originally
obtained from the Barbara A. Karmanos Cancer Institute
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(Detroit, MI), T47D and ZR-75-1 cells were obtained from
the American Type Culture Collection (Manassas, VA), and
MDA-MB-435 cells were from Dr Janet Price (M.D. Anderson
Cancer Center, Houston, TX). All cell lines were maintained
at 37°C in cell culture medium (improved minimal essential
medium with phenol red and supplemented with 5% (v/v)
heat-inactivated fetal bovine serum; Biofluids, Rockville,
MD) in a 95% air/5% CO, atmosphere. All cell lines were
shown to be free of contamination with Mycoplasma spp.

Human breast tumor specimens. The 13 breast tumor
specimens and the associated microarray data used in this
study have been previously reported (12). Five of the 13
specimens were obtained from patients undergoing a diagnostic
core needle or excisional biopsy at Georgetown University
Hospital. All patients signed a written consent approved by
the Georgetown University Medical Center Institutional
Review Board. Core needle biopsies were either obtained
under mammographic or ultrasound guidance during a routine
diagnostic procedure, or obtained intraoperatively after surgical
exposure of the tumor. The study pathologist performed a
routine histopathologic analysis of frozen sections from all
biopsies as previously described (12); biopsies were released
for microarray analysis only if they did not contain any new
clinical information important for patient care. The other
eight breast tumor specimens were obtained at the Department
of Oncology, University of Edinburgh (Scotland, UK); samples
were collected with appropriate patient consent, and all
procedures were performed using guidelines consistent with
the relevant UK legislation. Once released for study, all patient
identifiers were removed from each sample. Information not
already published on these samples is included in Table I. The
clinical material, mostly frozen in OCT, was directly provided
to the research laboratory for storage and/or processing,
whereupon tissue was either stored at -80°C or processed
immediately for RNA extraction.

MDA-MB-435 human breast cancer xenografts. Cells from
subconfluent monolayers were removed by trypsinization.
To establish xenografts, 1x10° viable cells, as estimated by
trypan-blue dye exclusion, were subcutaneously inoculated
into the region of the mammary fat pad as previously described
(2,13). Mice were 4-6 week old female, NCr nu/nu athymic
mice (~20 g body weight) and were housed 4 or 5 per cage
and fed sterilized, pelleted food and sterilized water ad libitum.
Nude mice (38) were used and tumors were observed at each
of the inoculation sites. Tumors were measured twice weekly
for 4 weeks post inoculum; consistently proliferating tumors
were identified and removed immediately post mortem using
sterile scissors and forceps. Studies were performed by the
Lombardi Comprehensive Cancer Center Animal Research
Shared Resource in a pathogen-free environment within a
central facility approved by the American Association for
Accreditation of Laboratory Animal Care. All work that
required the use of vertebrate animals was performed in
accordance with the current regulations and standards described
by the United States Department of Agriculture and the United
States Department of Health and Human Services, and with
the approval of the Georgetown University Animal Care and
Use Committee.
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Table I. Characteristics of the breast tumor specimens.

Tumor ER Lymph nodes % Cancer Source
1 + + 90 GU
2 + - 80 GU
3 + + 90 GU
4 + + 90 GU
5 - ND 80 GU
6 + + 90 EU
7 + + 90 EU
8 + ND 99 EU
9 + - 90 EU

10 + + 90 EU

11 + 70 EU

12 + + 90 EU

13 - + 90 EU

ER, estrogen receptor alpha (positive, +; or negative, -); lymph
nodes, presence (+), absence (-) of involved lymph nodes, or no
data (ND); % cancer, proportion of each specimen that contains
neoplastic breast epithelial cells; Source, center at which cases were
accrued; GU, Georgetown University; EU, Edinburgh University.
Additional information on selected cases has been previously
published (12).

RNA preparation and gene expression microarray studies.
Study materials were collected over a prolonged period
and were processed slightly differently. These differences
replicate some of the methodologic variability anticipated
across laboratories but might be expected to introduce some
noise into the data. For cell lines growing in vitro, each cell
line sample represents data from an independent cell culture
grown on a different day; no cultures were pooled, nor were
RNAs extracted from cultures grown at the same time. Sub-
confluent monolayers were rapidly trypsinized, cells were
centrifuged at 1,000 x g for 5 min in cell culture medium
and total RNA was extracted from the cell pellets using the
TRIzol reagent as described by the manufacturer (Invitrogen,
Carlsbad, CA). For MDA-MB-435 xenografts in athymic nude
mice, tumors were removed at necropsy, immediately placed
in RNALater™ (Ambion, Austin, TX) and stored at -80°C as
previously described (12). Frozen xenografts from mice were
placed in ‘1x1’ plastic bags, pulverized on dry ice, transferred
to 35 ml conical Oakridge tubes (Nalgene, Rochester, NY),
and weighed. Frozen tissues were homogenized in TRIzol
using a polytron homogenizer (Brinkmann Instruments, Inc.
Westbury, NY) and total RNA isolated using the TRIzol
reagent. For the human tumors, frozen tissue was placed in
a ‘Ix1’ plastic bag on dry ice, pulverized, and lysis buffer
added (Qiagen RNeasy kit; Qiagen Inc., Valencia, CA). Each
sample was then homogenized with a 1 ml syringe and 18
gauge needle, added to the Qiagen spin column, processed as
described by the manufacturer, and RNA eluted with dH,0O.
None of the RNAs was amplified or pooled.
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RNA concentrations were determined by comparing the
optical density ratios (OD,q/OD,q,) obtained spectrophoto-
metrically using a Beckman DU640 Spectrophotometer
(Beckman, Fullerton, CA). RNA quality was assessed using
an Agilent 2100 Bioanalyzer and RNA 6000 LabChip kits
(Agilent Technologies, New Castle, DE), which allows for
visual examination of both the 18S and 28S rRNA bands as
a measure of RNA integrity. We used high quality RNA as
assessed by standard measures (12).

NamedGenes GeneFilters (ResGen, part of the Invitrogen
Corporation, Inc., Huntsville, AL) that contain 4,132 known
cDNAs and 192 controls including total genomic DNAs
(tgDNA) on each filter were used. Probes were generated
as previously described (14). Briefly, total RNA (500 ng)
from experimental samples was reverse transcribed and
simultaneously radioactively labeled by incorporation of
[a-*¥*P]JATP and [a-**P]CTP. This method radiolabels both
the sense and antisense probe strands. Probes were purified
and hybridized to a GeneFilter, and incubated for 12-18 h
at 42°C in a roller oven (Robbin Scientific, Sunnyvale, CA).
Each hybridized GeneFilter was washed twice in 2X SSC,
1% SDS at 50°C for 20 min and once at 55°C in 0.5X SSC,
1% SDS for 15 min. Hybridization signals were detected by
phosphorimage analysis using a Molecular Dynamics Storm
Phosphorlmager (Molecular Dynamics, Sunnyvale, CA).

Microarray data preprocessing. Pathways™ 4.0 software
algorithms (Research Genetics, Inc.) were used to acquire data
from microarray images. Briefly, this software geometrically
quantifies the intensities of both the spot and local background
for each gene. Local background correction is estimated by
subtracting local signals from areas devoid of target from the
raw intensity value of each target cDNA, and a value of one
is added to all non-negative values to conserve the relative
intensities with low expression values. Negative values
resulting from background subtraction were adjusted to one.
Background-corrected data were then normalized to account
for differences in probe specific activity, hybridization, and
other variables among replicates. The global mean method
was used to normalize the data from each array.

A signal bleeding effect from neighboring cDNA spots,
where signals from adjacent spots bleed into each other, is a
major confounding factor with this microarray technology.
To determine if a spot on the filter was affected by signal
bleeding, we used an in-house algorithm (programmed in
MatLab version R13SP1; Mathworks, Natick, MA; unpublished
data). This algorithm calculates the difference between the
respective local background for a gene and global background
from the filter, expressed as a percentage of the raw intensity
value for that gene. Values above a predetermined threshold
indicate that the signal from neighboring spots bled into the
spot of interest. The digitized images for all spots flagged by
the algorithm were subjected to visual inspection to confirm
any signal bleeding. Genes with signals determined visually
and/or mathematically to be confounded by a bleed effect
were excluded from further analysis.

We used several criteria to identify and exclude likely non-
informative genes and construct a reduced dimensional data set
for analysis. The goal of these preprocessing steps was to
obtain a series of robust expression values for genes determined
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to be present in all three groups to be compared in the study (3
ER* human breast cancer cell lines; 13 breast tumors; 38
MDA-MB-435 xenografts). First, we excluded genes that
have expression values consistently in the undetectable range
in all microarrays or that have signals compromised by signal
bleed as defined above. If a gene was found to be free of
bleeding effects in at least 70% of arrays, data for this gene
were retained for further study. Genes in the undetectable
range were eliminated if their normalized expression levels
were <0.1 in all experimental groups. We did not attempt to
estimate and replace missing values. Application of these
criteria across all microarrays from the cell lines, breast tumors,
and MDA-MB-435 xenografts resulted in a list of 428 robust
gene signals for further analysis.

Data analysis: comparison of high dimensional data structures.
To estimate independently the data structures, we conducted
separate PCA on the robust gene expression data set (n=428
genes) for each of the three groups and determined the
essential dimensionality (M) for samples within the same
group. PCA was performed using the covariance matrices for
standardized gene expression levels. M is defined as the
number of principal components (PCs) needed to account for
the variation in the original data. Jolliffe proposed several
strategies to determine M (11); we applied the most commonly
used rule and selected those PCs that represent the smallest
value of M that captures a high cumulative percentage of the
total variance (=80%).

Once the M PCs were identified for a group, we calculated
the Pearson's correlation coefficient for each gene with each
PC and selected those genes with an absolute correlation
coefficient r=0.800 with at least one of the top M PCs (top
genes). While this approach is broadly comparable to the
method proposed by Jolliffe (11), we ranked the PCs such
that PC1 captured the highest proportion of data variance,
PC1 + PC2 captured the next highest proportion and we
continued until PC1 + PC2...PC; captured =80% of the
total variance. Thus, we placed more weight on the top PCs,
whereas Jolliffe's method attributed equal importance to each
of the M PCs. Our approach appears reasonable, since genes
tend to have larger correlation coefficients with higher ranked
compared with lower ranked PCs.

Since we explored independently each group, the PCs and
the genes that best define these PCs reflect only the structure
of the data for that group. In this manner, we can compare
the relative importance of each gene expression value across
data structures. Thus, having selected the top genes from
each of the three groups, we compared the respective M PC-
derived gene lists among groups and created a ‘common
genes’ list. For example, if gene-I was one of the top genes
for both breast tumor and cell line samples, we considered
gene-1 as a common gene between these two groups.

Results

Cell line and tumor data structures share similar essential
dimensionality. For this study, an unsupervised probabilistic
approach applied to each experimental group should have the
greatest potential to generate relatively unbiased, independent
representations of data structures. Since we do not predetermine
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Table II. Principal component analysis and essential dimen-
sionality.

PCA Cell lines Tumors  Cell lines/tumors
(%) (%) (combined) (%)
M PCs n=>5 n=6 n=10
PCl1 31.8 35.8 28.8
PC1 + PC2 51.0 48.8 429
PC1...PC3 65.7 58.2 50.5
PCl1...PC4 74.6 60.7 57.0
PCl1...PC5 80.9 74.5 62.6
PC1...PC6 85.7 814 67.5
PCl1...PC7 89.9 87.1 71.8
PC1...PC8 93.0 91.3 759
PC1...PC9 95.8 942 79.1
PC1...PC10 98.1 96.5 81.8
r=0.800 (M PC) n=103 n=106 n=65
genes genes genes

31 of the 36 com-
mon genes cor-
relate with PC1
of the combined

Common genes 36 genes are common

to the 103-genes (cell

lines) and 106-genes
(tumors)

group?*

M PCs is the number of PCs required to capture =80% of the
cumulative variances in the data set (essential dimensionality).
Percentages are the cumulative variances captured by the sum of the
M PC:s as indicated. The final row shows the number of genes in each
group that have a correlation coefficient r=0.800 with at least one of
the M PCs in that group. For example, there are 103 genes correlated
either with PC1, PC2, PC3, PC4 or PCS5 in the breast cancer cell line
data set. “For 22 genes r=0.800; for a further 9 genes r=0.750.

the number of PCs, only the percentage of cumulative variation,
and the M PCs are independently identified within each group,
the M PCs obtained should provide reasonable representations
by which to compare data structures. While we might expect
similar data structures to be defined by approximately similar
numbers of M PCs, this is an inadequate single measure
because the genes most closely correlated with each PC may
be different. Conversely, it is possible that a different number
of PCs may be required to satisfy M in each experimental
group but the genes correlated with the respective M PCs
may be very similar.

To address these issues, we compared the number of M
PCs, ranked these by their relative ability to capture data
variation, and then assessed the correlation of each gene with
each ranked PC. Data sets that exhibit similarities may be
defined by similar numbers of M PCs. More importantly,
data structures with substantial similarities will have the
same genes highly correlated with similarly ranked PCs;
for example, gene-1I is highly correlated with PCI in one
group and also is highly correlated with PC1, PC2, or PC3 in
another experimental group. The higher proportions of genes
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that are highly correlated with top ranked PCs in both groups,
the more similar are the data structures being compared.

In this data set there are over 420 possible orthogonal PCs
that can be explored as projections of the high dimensional
data. However, we would expect most of the data variation to
be captured by a much smaller number of M PCs. Using our
approach, we found that only six PCs are required to define
the breast tumor data structure by our criterion of =80%
cumulative variance (cumulative variance = 80.9%; Table II).
Similarly, only five PCs are required to describe the breast
cancer cell line data structure (cumulative variance = 81.4%;
Table II).

The top principal components of cell line and tumor data share
notable similarities. To compare the PCs, we then calculated
the correlation coefficient of each gene with each of the M PCs
and obtained two gene lists, one for each experimental group.
Thirty-six genes are important in describing independently
the data structures for both the tumor and cell line groups
(Table III). Surprisingly, all 36 common genes were cor-
related with the top ranked PC (PC1) from the tumor data set.
Of the genes from the ER* cell lines data set, 21 genes also
correlated with its PC1. Thus, there are striking similarities
between the top PC in both data sets; each of which capture
almost one-third of the variation in their respective data sets
(Table II). Of the remaining 15 genes, 14 genes are correlated
with PC2; only one gene is correlated with PC3 in the ER* cell
lines data. The sign of the correlation is less informative than
the absolute value of the coefficient; since we would not expect
the PCs to be identical, the direction of each gene's correlation
with a PC may vary in each data set and its absolute value
reflects the true significance. Nonetheless, 61% of the genes
(22/36) show the same directional correlation. Twenty-one of
these genes correlated with PC1, strongly suggesting substantial
similarities in the top PC. Taken together, these data provide
evidence of notable similarities between the human breast
cancer cell line and breast tumor transcriptome data structures.

To further support these observations, we combined the
cell line and tumor data sets and performed PCA on the
combined group. Since the tumors are more heterogeneous
than the cell lines, we would expect the combined data set
to require a higher number of M PCs and that fewer of the
previously identified common genes will be highly correlated
with these M PCs. Consistent with the general similarities,
Table II shows that only 10 PCs are required (cumulative
variance = 81.8%) to define the structure of the combined
data set. We then calculated the correlation coefficients for
the previously identified 36 common genes with the top PCs
derived from the combined group. Thirty-five genes could be
evaluated since one gene was not correlated with the top PCs.
Twenty-two of the common genes met the initial criterion of
r=0.800 and a further 9 genes had correlations of r=0.750
(Table IIT). All 31 of these genes were correlated with
PC1. The remaining 4 genes were correlated with PC2 (n=1)
or PC3 (n=3) but their coefficients were much lower. Thus,
most of the common genes important in separate group analysis
also are important in combined group analysis.

Since PCA can be used to perform multidimensional
scaling for visualization (12,15), we used the top two PCs to
visualize the combined data group. Fig. 1 shows that the cell
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line and breast tumor samples do not form distinct separable
clusters in 2-dimensional PC space. These projections are
visually consistent with the PCA analysis described above.

We also performed similar independent M PC analyses
using data from 38 MDA-MB-435 xenografts growing in
the mammary fat pad regions of athymic nude mice (data
not shown). Capturing the essential dimensionality of the
data structure required 16 PCs and no genes met the criteria
for commonality between these xenografts and the breast
tumors. Only four genes were found to be in common with
the three ER* breast cancer cell lines: SI00A11 (S100 calcium
binding protein Al1), PTPN7 (protein tyrosine phosphatase,
non-receptor type 7), MR1 (major histocompatibility complex,
class I-related), and DCI (dodecenoyl-Coenzyme A delta
isomerase; 3,2 trans-enoyl-Coenzyme A isomerase). The
notable lack of similarity with the breast cancer cell lines
and tumors is consistent with the putative non-breast cancer
origin (16), although the ER- status of this cell line and the
predominantly ER* status of the breast tumors and breast
cancer cell lines also may contribute to the lack of similarity
in MDA-MB-435 xenograft data structure with the breast
tumors and data sets of other cell lines.

While our approach was not designed to select genes for
their functional relevance or differential association among
specific breast cancer outcomes/phenotypes, we might expect
some of these genes to represent functions implicated in
other breast cancer studies. We used the six main gene
ontology functional categories as defined in the GO database
(http://www .geneontology.org) and applied by Pawitan et al
(17), who compared two gene lists implicated in predicting
breast cancer prognosis. This appears to be a reasonable
comparison as our data set included both lymph node positive
and negative cases (Table I); lymph node involvement is one
of the strongest independent predictors of a poor prognosis
(18,19). Since there are only three common genes between
the 64-gene (Pawitan) and 70-gene (van't Veer) gene lists,
despite the similarities between these two studies, it was not
surprising that we did not find any of those genes in common
with our 36 genes. However, we found 11/36 genes in 5 of
the 6 functional categories (Table IV). Thus, 31% of the genes
are represented in the 6 functional categories, compared
with 37% of the van't Veer et al genes (20) and 45% of the
Pawitan et al genes (21).

Discussion

Limitations in the ability of individual experimental models
to reflect fully the complexity of their corresponding human
cancer are widely acknowledged. For example, cellular
signaling in rodent cells may not be similar to that in human
cells. Human cells require notably more changes in genetic,
epigenetic, or gene expression events for malignant trans-
formation (22-24); the same may be true for post-transformation
events that drive malignant progression. While established
human breast cancer cell lines exhibit many phenotypic
characteristics of the human disease, the ability to use these
models to discover meaningful molecular insights into breast
cancer biology also remains controversial (8). Thus, the
primary goal of this study was to compare the transcriptome
structures, as derived from gene expression microarray data,
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Table III. Common genes correlated with the top M PCs in the breast tumors and cell lines.

Gene Gene name Cells T Tumors T Comb R
METAP2  Methionyl aminopeptidase 2 PC2 0.964 PC1 -0.857 -0394 PC3
A2M Alpha-2-macroglobulin PC1  -0.885 PC1 -0.835 -0.804 PCl1
IGFBP6 Insulin-like growth factor binding protein 6 pPC2 0.956 PC1 -0900 0.844 PCl1
KRT13 Keratin 13 PC2 0.869 PCl1 -0.844 -0822 PCl
DRAPI DR1-associated protein 1 (negative cofactor 2 alpha) PC2 0979 PC1 -0908 0.754 PCI1
GPCl1 Glypican 1 PC1  -0.805 PC1 -0957 -0901 PCl1
PCOLN3  Procollagen (type III) N-endopeptidase PC1  -0.825 PC1 -0.805 -0.786 PCl1
ATPS] ATP synthase, H* transporting, mitochondrial FO complex, = PC2 0.960 PC1 0874 0.778 PCl1
subunit F6
MRPL49  Mitochondrial ribosomal protein L49 PC1  -0.875 PC1 -0927 -0903 PCl1
RELA NF«xB (p65) PC2 0.969 PC1 -0861 -0.758 PClI
PTHRI1 Parathyroid hormone receptor 1 PC1  -0.886 PC1 -0.857 -0.793 PCl1
FST Follistatin PC2 0.930 PC1 -0.881 -0.349 PC3
POLA Polymerase (DNA directed), alpha PC1 -0.854 PC1 -0.858 -0.826 PCl1
CREBLI1 cAMP responsive element binding protein-like 1 PC1  -0937 PC1 -0862 -0.873 PCl
GOLGA2  Golgi autoantigen, golgin subfamily a, 2 pPC2 0.809 PC1 -0816 0562 PC3
SF3Al Splicing factor 3a, subunit 1, 120 kDa pPC2 0.962 PC1 0841 0494 PC2
USP4 Ubiquitin specific protease 4 (proto-oncogene) PC1 -0.889 PC1 0912 -0.898 PCl1
CR2 Complement component (3d/Epstein-Barr virus) receptor 2~ PC1  -0.835 PC1 -0.818 - -
NR1D1 Nuclear receptor subfamily 1, group D, member 1 PC1  -0.885 PC1 0874 -0.884 PCl1
ODCl1 Ornithine decarboxylase 1 PC1 -0.870 PC1 -0945 -0901 PCl1
ORM2 Orosomucoid 2 PC2 0.962 PC1 -0972 0876 PCl
AMFR Autocrine motility factor receptor PC1 -0.824 PC1 -0.883 -0.887 PCl1
RYRI1 Ryanodine receptor 1 pPC2 0.981 PC1 0927 -0.772 PCl1
PPMIF Protein phosphatase 1F PC1 -0.820 PC1 -0.845 -0.843 PCl1
KCNN4 Potassium intermediate/small conductance calcium-activated PC1  -0.802 PC1 -0929 -0.886 PCl
channel, subfamily N, member 4
NTSE 5' nucleotidase (CD73) PC2 0.912 PC1 -0.819 -0.786 PCl1
ITGB2 Integrin beta 2 PC1  -0.908 PC1 0885 -0.876 PCl1
ABCCI1 ATP-binding cassette, subfamily C (CFTR/MRP), member 1  PC2 0.953 PC1 -0923 -0.827 PCl
PXN Paxillin PC1  -0.889 PC1 -0951 -0929 PCl
STAM Signal transducing adaptor molecule (SH3 domain and PC2  0.899 PC1 0882 -0.817 PCl1
ITAM motif) 1
COX6B1  Cytochrome c oxidase subunit VIb PC3 -0.813 PC1 -0980 -0.895 PCl1
ACTRIA  Actin-related protein 1 homolog A PC1 -0.837 PC1 -0906 -0.882 PCl1
LOC56311 Ankyrin repeat domain 7 PC1  -0911 PC1 -0.854 -0.796 PCl1
KIAA1641 Chronic lymphocytic leukemia-associated antigen KW-1 PC1  -0.845 PC1 -0907 -0.797 PCl1
CSTA Cystatin A (stefin A) PC1 -0.892 PC1 -0928 -0910 PCI
B7 B7 protein PC1  -0.845 PC1 -0.850 -0.804 PCl1

For comparison of the cell lines and tumors, each gene selected must exhibit a correlation coefficient of r=0.800 with one of the top M PCs.
For example, a gene in common between breast tumors and breast cancer cell lines must be correlated (r=0.800) with PC1, PC2, PC3, PC4
or PCS; there are only 5 M PCs in the breast cancer cell line group (see Table II); there are 36 genes in common by these criteria. The gene
CR2 was not associated with the top M PCs in the combined group. Gene, gene symbol as designated by the human gene ontology (HUGO)
gene nomenclature committee. Comb, data from the combined cell line (MCF-7, T47D, ZR-75-1) and tumor data set. The four genes in the
combined data set where r<0.75 are indicated.
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Figure 1. Multidimensional scaling of cell line and tumor data. (A), 428
dimensional data set; (B), 36 dimensional data set. A, breast tumors; O, cell
lines.

Table IV. Gene functions among the 36 common genes.

Biological function Genes

DNA replication/transcription CREBL1,NR1DI1, POLA,
RELA,RYRI

ITGB2, PPMIF, RELA,
RYRI1

Cell cycle/proliferation/growth IGFBP6, RYRI1

AMFR, ITGB2, PXN, RYR1
AMFR, CREBLI1, IGFBP6,
ITGB2, PTHR1, PXN,
RELA,RYRI, STAM

Apoptosis

Cell adhesion/motility
Signal transduction

The GO database was used to annotate the gene functions (http://www.
geneontology.org). The GO categories are based on the six used by
Pawitan ef al (17) to compare their breast cancer predictive gene
list with that of van't Veer et al (20). We found no genes in the
‘angiogenesis’ category; Pawitan er al reported only one gene from
their 64-gene data set and a different gene from the 70-gene van't
Veer et al data set in this category (17).
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of predominately ER* breast tumor specimens from patients
and the three most widely used ER* human breast cancer cell
lines (MCF-7, T47D, ZR-75-1).

Breast tumor specimens can include multiple different
cell types such as epithelial, myoepithelial, fibroblastic, myo-
fibroblastic, and reticuloendothelial (25), whereas cell lines
are, in comparison, biologically more homogeneous. Thus,
the goal of comparing cell lines and tumor specimens, using
direct comparisons of gene expression levels, is potentially
confounded by tissue heterogeneity. In breast tumors, a
gene's signal will reflect the sum of values from all cell types
included in the specimen. Earlier microarray studies did not
account for this heterogeneity and this may partly explain the
greater similarity reported between normal breast and breast
cancer specimens than between the breast cancer specimens
and human breast cancer cell lines (6). Furthermore, earlier
studies used unsupervised hierarchical clustering methods to
solve the high dimensional data structures and identify putative
relationships among samples. Since these hierarchies can be
built using different distance measures and the data points
linked by different measures (26-28), different clustering
methods may provide different solutions to the same data
sets (29,30). With no goodness-of-fit for the data solutions
(29) or comparisons with other methods that may provide
more accurate or more complete solutions, the inability of
breast cancer cell lines to cluster together or to cluster with
breast cancers may reflect the limitations inherent in the
analytical approaches applied. The lack of consideration of
specimen heterogeneity also may have confounded the analysis.

Rather than apply heuristic rules to deduce similarities or
differences based on broad phenotypic characteristics or other
observations, we applied a relatively unbiased probabilistic
approach to compare transcriptomes. Unlike most prior
microarray studies that focus upon finding differential gene
expression patterns among groups, we were most interested
in those genes that are commonly important in defining data
structure. While we would expect differences in the absolute
levels or patterns of expression of some genes, our main goal
was to explore the similarities in overall data structures.
Differences in absolute gene expression values could lead to
the appearance of differential gene expression values that
may more closely reflect the cellular rather than molecular
differences between relatively homogeneous cell lines and
heterogeneous tumors.

The probabilistic approach we used compares the M PC
projections in the data sets and those genes that best define
these respective PCs. Thus, the method should capture, in a
largely unbiased manner, those PCs and genes that best define
the structure of each high dimensional data set - at least as
defined by its total variation. Our data show that the three
most widely used ER* human breast cancer cell lines, even
when growing in vitro, exhibit marked similarities to a panel
of ER* breast tumor specimens. These molecular observations
on the primary structure of the breast tumor and cell line
transcriptomes appear consistent with the widely reported
biological similarities between these cell lines, their variants,
and the human disease (2-4).

The genes identified in these tumors and models reflect
the specimens and microarray technology used; similar data
collected from other breast tumors, cell lines, or microarray
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platforms may or may not find the same genes to define the
M PCs of those data sets. However, we would anticipate that
such studies may find genes that exhibit similar statistical
properties, or perhaps broadly similar molecular functions,
to be associated with the top PCs. Since we identified genes
that best define the PCs from a small but robust subset of
expression measures, their selection reflects a probabilistic
assessment only of their contribution to global data structure.
Thus, there is no compelling biological rationale why these
specific genes must reflect key biological processes in breast
tumors. The use of PCA for gene selection in mechanistic
studies is potentially flawed for several reasons, some of which
are discussed elsewhere (31). Nonetheless, it is intuitively
reasonable to expect some genes closely associated with data
structure to broadly reflect key molecular processes and/or
include genes already implicated in breast cancer.

Several of the genes or gene functions represented in
the 36 common genes identified herein have been directly or
indirectly implicated in affecting key breast cancer phenotypes.
For example, we found 11 genes in 5 of the 6 gene function
categories implicated in separating good prognosis from poor
prognosis breast cancers (17). While our study would not be
expected to find the same genes as these two previous studies
- we did not look for such discriminant genes nor did we use
similar microarray platforms - the data in Table IV suggest
that the 36 common genes and/or the functional categories
they represent are important in both human breast cancer and
human breast cancer cell lines. Examples of specific genes
from the 36 common gene list include RELA (NFxB p65),
ornithine decarboxylase-1 (ODC1), paxillin (PXN), and
insulin-like growth factor (IGF) binding protein-6 (IGFBP-6).
RELA is implicated in estrogen independence (32,33) and
acquired antiestrogen resistance in cell culture models
(15,34,35), and is readily detected by immunohistochemistry
in breast tumors (36). The polyamine ODCI is estrogen
regulated (37,38), is a target for drug development (38,39),
and is a potential breast cancer biomarker (40). The focal
adhesion protein PXN is regulated by heregulin, a key effector
of breast cancer cell growth (16). PXN expression also is
regulated by activation of the IGF-type 1 receptor (41). This
receptor is activated by IGF-II, a major mitogen for breast
cancer cells (42); IGFBP6 has a notably high affinity for
binding IGF-II, inhibits its activity (43), and also is a candidate
breast cancer biomarker (21).

The data we present here suggest that well-established ER*
human breast cancer cell lines and breast tumors share global
similarities in the structures of their respective transcriptomes.
The strong correlations of similar genes with the top PC
projections in each data set clearly imply that MCF-7, T47D,
and ZR-75-1 cells are good models in which to identify
molecular events that also are important in some ER* human
breast cancers.
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