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Abstract
Basal-like breast cancers have several well-characterized distinguishing molecular features, but most of these

are features of the cancer cells themselves. The unique stromal–epithelial interactions, and more generally,
microenvironmental features of basal-like breast cancers have not been well characterized. To identify
characteristic microenvironment features of basal-like breast cancer, we performed cocultures of several
basal-like breast cancer cell lines with fibroblasts and compared these with cocultures of luminal breast
cancer cell lines with fibroblasts. Interactions between basal-like cancer cells and fibroblasts induced expression
of numerous interleukins and chemokines, including IL-6, IL-8, CXCL1, CXCL3, and TGFb. Under the
influence of fibroblasts, basal-like breast cancer cell lines also showed increased migration in vitro. Migration
was less pronounced for luminal lines; but, these lines were more likely to have altered proliferation. These
differences were relevant to tumor biology in vivo, as the gene set that distinguished luminal and basal-like
stromal interactions in coculture also distinguishes basal-like from luminal tumors with 98% accuracy in 10-
fold cross-validation and 100% accuracy in an independent test set. However, comparisons between cocultures
where cells were in direct contact and cocultures where interaction was solely through soluble factors suggest
that there is an important impact of direct cell-to-cell contact. The phenotypes and gene expression changes
invoked by cancer cell interactions with fibroblasts support the microenvironment and cell–cell interactions as
intrinsic features of breast cancer subtypes. Mol Cancer Res; 9(1); 3–13. �2010 AACR.

Introduction

The heterogeneity of human breast tumors is well
established (1), with basal-like breast cancer (BBC) widely
recognized as a particularly aggressive subtype of disease.
Several molecular features that distinguish BBCs from other
breast cancer subtypes have been identified including higher
rates of p53 mutations (2), BRCA1 mutations and methy-
lation (3, 4), EGFR-RAS-MEK pathway defects (5), and
retinoblastoma (RB1) LOH (6). These molecular defects are
characteristics of the cancer cells themselves. However,
higher local recurrence rates for BBC (7) relative to other

breast cancer subtypes suggests that these tumorsmay also be
characterized by field defects arising either from epithelium,
stroma, or from altered stroma–epithelium interactions (8).
The importance of stroma–epithelial interactions is well

established (reviewed in Bissell and Radisky; ref. 9). Stroma
plays a critical role in epithelial proliferation and organization
through production of extracellular matrix, paracrine signal-
ing, and direct cell contact (9). Fibroblasts are a major
component of the stroma and their numbers are greatly
enriched in tumors (10). These cancer-associated fibroblasts
also are qualitatively different than normal fibroblasts and
can facilitate the progression of cancer (11). Some studies
have suggested that normal fibroblasts may inhibit breast
cancer (12), but other work by Wadlow et al. demonstrated
that the phenotypic effects of stroma–epithelial interaction
vary widely across a panel of cancer cell lines and fibroblasts
derived from different anatomic sites (13). Gene expression
lists reflective of stromal–epithelial interactions in breast
cancer have previously been obtained using a variety systems
such as fibroblasts responding to serum (14), fibroblast–
epithelial cocultures (15), microdissected tumor stroma and
adjacent normal stroma (16), desmoid-type fibromatosis and
solitary fibrous tumors to identify stromal reaction patterns
(17, 18), and endothelial–epithelial cocultures (19).Many of
these stromal signatures, when evaluated in tumor micro-
array data sets, show prognostic value and correlate with
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tumor subtype (17, 20). However, as recognized by a recent
panel convened to identify gaps inbreast cancer research (21),
"the stroma-derived signals are poorly understood, as is the
reciprocal communication between epithelium and stroma".
We hypothesized that basal-like and luminal breast can-

cers have distinct and characteristic interactions with
stroma. We therefore performed cocultures where different
breast cancer cell lines were grown in contact with fibro-
blasts, the predominant stromal cell type in breast tissue.
The relevance of the observed gene expression changes from
coculture were tested in vivo by evaluating the expression of
these genes in patient samples. These results establish a
model system for studying the molecular dynamics that
govern stroma–cancer cell interactions and document novel
and important interactions between basal-like and luminal
cancers and their microenvironments.

Materials and Methods

Cell lines
SKBR3 and MDA-MB-468 were purchased from Amer-

ican Type Culture Collection (ATCC) and maintained in
ATCC-recommended media and conditions. MDA-MB-
231 was from ATCC and grown in DMEM supplemented
with 10% FBS and 50 units/mL penicillin, and 50 units/
mL streptomycin. SUM102, SUM149, SUM159 cells were
from Steve Ethier of the Karmanos Cancer Center at Wayne
State University, Detroit, MI. SUM102 was maintained in
HuMEC (Invitrogen). SUM149 and SUM159 were main-
tained in Ham's F-12 (GIBCO) supplemented with 5%
FBS (Sigma Chemical Co.), 5 mg/mL insulin, 1 mg/mL
hydrocotisone, 5 mg/mL Gentamycin (GIBCO/Invitro-
gen), and 0.5 mg/mL Amphotericin B (Sigma). MCF7,
ZR-75-1, and ME16C were procured and cultured as
described previously (22). T47D, HCC1937, and RMF
(htert-immortalized fibroblasts from reduction mammo-
plasty; ref. 23) were maintained in RPMI 1640 with L-
glutamine (GIBCO) supplemented with 10% FBS (Sigma)
and 50 units/mL penicillin and 50 units/mL streptomycin
(GIBCO). SKBR3 was maintained in McCoy's 5 [Cellgro
(http://www.cellgro.com/)] supplemented with 10% FBS
(Sigma) and 50 units/mL penicillin and 50 units/mL
streptomycin (GIBCO). All cell lines were tested for myco-
plasma by the University of North Carolina at Chapel Hill
Tissue Culture Facility, NC. Cells were maintained at 37�C
and 5% CO2, except where ATCC protocols suggested
ambient carbon dioxide (MDA-MB-231 only). Cultures
were 2-dimensional, grown on plastic.

Coculture conditions
Cancer cell lines and fibroblasts cells were grown in the

appropriate cancer cell media (e.g., MCF 7 in RPMI) for the
duration of the 48-hour coculture studies, after performing
growth curves to ascertain that the RMFs maintained
doubling times in each media similar to the doubling times
observed in RPMI 1640. Two types of cocultures were
performed. First, we refer to direct cocultures, defined as a
coculture where the 2 cell types are grown in physical

contact, in the same well. The following RMF:cancer cell
ratios were plated for most direct cocultures: 0:1, 1:4, 1:2,
1:1, 2:1, 1:0, and cells were maintained in coculture for 48
hours before harvesting cells for RNA isolation. Second, we
refer to interaction cultures, defined as a coculture where
fibroblasts and cancer cells are grown separated by a mem-
brane, but where they are in contact via soluble factors.
Interaction cocultures were plated at a 1:1 ratio in 6-well
transwell plates and were maintained in coculture for 48
hours before harvesting cells for RNA isolation. These
studies were performed by seeding 1 of the 2 cell types
in the insert layer of Corning Transwell plates with 0.4-mm
pore polycarbonate membranes whereas the other cell type
was grown in the bottom well.

Cell-based assays
MTT cell proliferation assays (Promega) were performed

according to the manufacturer's protocol in the bottom well
of transwell plates with an 0.4-mm pore polycarbonate
membrane after 48 hours of exposure to fibroblasts grown
in the upper insert. The following RMF:cancer cell ratios
were plated for 48 hours in 96-well interaction cocultures:
0:1, 1:4, 1:2, 1:1, 2:1, 1:0. Sixteen wells were performed per
condition and triplicates experiments were performed.
Absorbance at 570 nm minus absorbance at 490 nm was
measured on an EL800 BioTek plate reader. Percent change
in absorbance relative to control was calculated as the
sample absorbance divided by the average absorbance of
the control without fibroblasts, multiplied by 100.
Migration assays were performed using a 6-well transwell

plate with an 8-mm pore polycarbonate membrane. The
bottom well contained 2 � 105 fibroblasts or media alone
and cultures were maintained for 48 hours. The insert was
then seeded with 1 � 105 cancer cells and cancer cells were
allowed to migrate for 6 hours. The chamber was disas-
sembled and membranes were fixed in 10% formalin for 5
minutes. The membranes were rinsed in distilled water and
then stained in 0.2% crystal violet for 15 minutes, followed
by 2 washing steps in distilled water. The cells on the upper
side of the membranes were scraped off and pictures were
taken of the cells on the bottom of the membrane with an
Olympus IX81 at 10� magnification. Four fields were
counted per well using ImageJ software (http://rsbweb.
nih.gov/ij/). Allmigration assays were replicated 3 to 5 times.
Scratch assays were performed using a 6-well transwell

plate with a 4-mm pore polycarbonate membrane. In the
bottomwell, 2� 105 basal-like cells or 5� 105 luminal cells
were plated and allowed to grow for 48 hours with either
media or RMF cells plated at a 1:1 ratio in the insert. The
chamber was disassembled and a wound was made with a
pipette tip. Cells were cultured to allow wound closure for 6
hours, at which time pictures were taken with an Olympus
IX81 at 4� and 10� magnifications. Scratch assays were
performed in triplicate.

RNA and expression microarrays
Cells were harvested by scraping in RNA lysis buffer.

Total RNA was isolated using the RNeasy mini kit (Qiagen)
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and RNA quality was analyzed on an Agilent 2100
Bioanalyzer using an RNA6000 nano chip. Quantification
was performed on a ND-1000 Nanodrop spectrophot-
ometer. Microarrays were performed according to Agilent
protocol using 2-color Agilent 4�44K (Agilent G4112F)
human arrays and 244K (Agilent G4502A) custom
human arrays. Only probes present on the 4�44K array
were utilized and all 4�44K probes were present on the
244K custom array. We used the Agilent Quick Amp
labeling kit and protocol to synthesize Cy3-labeled refer-
ence from Stratagene Universal Human Reference spiked
at 1:1,000 with MCF 7 RNA and 1:1,000 with ME16C
RNA to increase expression of breast cancer genes. The
identical protocol was applied to total RNA from cocul-
tured or monocultured cell lines to label these samples
with Cy5. Labeled cDNAs were hybridized to arrays
overnight and washed before scanning on an Agilent
G2505C microarray scanner. All array data are available
through the Gene Expression Omnibus.

Flow cytometry
Cell were grown to 80% confluence and dyed with 5

mmol/L of Invitrogen Cell Tracker (Green CMFDA for
RMF; Red CMTPX for MCF7 and SUM149 cells). Cells
were washed with PBS and grown in media for 2 hours
before plating as monocultures or direct cocultures which
were grown for 48 hours as previously described. Cells were
trypsinized and kept on ice and sorted on a MoFlo by
Beckman. Cells with high green expression were separated
as the fibroblast population. RNA was isolated from green
and nongreen populations as described above.

Coculture data normalization and analysis
We selected 3 basal-like and 3 luminal breast cancer cell

lines as a training set for identifying basal-like specific
coculture interactions. The basal-like and luminal cell line
representatives were selected such that they met both of the
following: (i) they were identified as basal-like or luminal
when all of our monoculture cell line microarray data was
median centered and the PAM50 assay was applied (24),
and (ii) this classification by PAM50 matched the classifica-
tion by Neve et al. (25). The basal-like cell lines meeting
these criteria were SUM149 and HCC1937 and the lumi-
nal lines were MCF 7, ZR-75-1, and T47D. To select a
third basal-like line, we added SUM102 which is a CK5/6-
positive cell line that is basal-like according to the PAM50
assay but was not assayed by Neve et al. The PAM50 and
Neve predictions for each of the 11 cell lines studied in this
manuscript are listed in Table 1.
Data from 99 microarrays (25 monocultures, 49 direct

cocultures, and 25 interaction cocultures representing 11
different cell lines) were included in this study. Only those
genes where more than 70% of microarrays had signal in
both channels greater than 10 dpi were included. Data were
Lowess normalized and missing data were imputed using k-
nearest neighbors’ imputation. For the direct coculture
analyses, we excluded genes that did not have at least 2-
fold deviation from the mean in at least 1 sample and the

method of Buess et al. (15) was used to normalize cocultures
to appropriate monocultures performed in the same media
and under identical conditions. The Buess method is an
example of an expression deconvolution approach applied
to coculture data; these methods have been widely used to
analyze microarray data, yielding important insights for a
variety of problems (26, 27). This method estimates the
percent of fibroblasts and cancer cells in each coculture,
followed by calculating a coefficient of interaction for each
gene. The percent of fibroblasts and the percent of cancer
cells were estimated by computing the percentage of mono-
culture gene expression from each cell type required to
achieve the observed coculture gene expression using equa-
tions as described in Buess et al. The most extreme 20% of
values for fibroblast percentage were excluded and the
remaining 80% were averaged to obtain an estimate of
fibroblast content. The percentages of cell types were used
to compute the expected gene expression for each gene. The
Buess interaction coefficient, I, was then calculated as the
ratio of observed to expected gene expression. The estimated
I can be thought of as an indicator of the fold-change (FC)
in a given gene's expression level relative to the expected
level based on the monocultures alone. For interaction
cultures, we compared their expression data with the
matching monocultures performed under the same condi-
tions and computed the interaction fold-change for all
genes. The I-matrix as well as the interaction FC across
all samples and genes was analyzed using significance of
microarrays (SAM; ref. 28) and prediction analysis of
microarrays (PAM; ref. 29).
Buess interaction coefficients were computed and used to

perform a 2-class, unpaired SAM analysis comparing cocul-
tures in which fibroblasts and basal-like (SUM102,
SUM149, HCC1937) cancer cells were grown together
to those in which fibroblasts and luminal (MCF7, ZR-75-1,
T47D) cancer cells were grown together. The same analyses
were performed comparing interaction FC for basal-like
with Luminal, examining the expression of the cancer cells
and the fibroblasts separately for each interaction coculture.
To identify predictive gene sets for distinguishing cell line
subtypes based on coculture data, PAM (29) was applied
100 times in 10-fold cross-validation to identify the median
class-specific predictive accuracy for a given number of
genes in the predictor. The number of genes that provided
the maximum class-specific predictive accuracy in both
classes (basal-like and luminal) was selected. This set of
genes was then applied to the test set cell lines that had been
preprocessed using identical methods, and these gene sets
were also applied to tumor data from public data sets.
Functional and pathway analyses were done using Ingenuity
Pathway Analysis (IPA), with Benjamini–Hochberg multi-
ple testing correction to identify significant functions and
pathways with P values less than 0.05.

Patient microarrays and subtype prediction
Public data sets were analyzed for this study, specifically

using data from 295 tumors samples from the Netherlands
Cancer Institute (NKI295; ref. 30) and 227 samples from
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the University of North Carolina (UNC227; ref. 31). In
both data sets, the PAM50 algorithm (24) was applied as
follows: first, to median center the data the largest possible
subset of microarrays consisting of 50% ER positive and
50% ER negative tumors was sampled from each data set.
The median was calculated from this group and applied to
median center the entire data set. This median centering
method improves comparability across data sets by median
centering given similar subtype composition. Second, the
PAM50 single sample predictor, with parameters as
described in Parker et al. (24), was used to identify subtype.
This PAM50 subtype was used for comparison against all
culture-derived subtype predictors.
To identify a coculture-based subtype predictor, the

probes that distinguished basal-like and luminal cocultures
were filtered to identify genes that were (i) upregulated in
basal-like cocultures and above the median for at least 60%
of the basal-like tumors or (ii) upregulated in luminal
cocultures and above the median for at least 60% of luminal
tumors. This criterion ensured that only those genes iden-
tified in coculture that share the same direction in tumors
were included. This gene set was further refined to identify
the minimum number of predictive genes that had max-
imum class-specific predictive accuracy in 10-fold cross-
validation using PAM. To identify a fibroblast-derived or
cancer cell–derived interaction signature, we performed the
same filtering methods to the interaction culture data
representing fibroblast or cancer cell responses to coculture.
Each of these PAM models was trained on a data set from
NKI consisting of 45 basal and 217 luminal breast cancers.
Genes from the training data set were applied to identify
subtype on the independent test sets described above.

Results

Basal-like versus luminal gene expression in fibroblast
cocultures
Two different types of cocultures were employed: direct

cocultures where cells are in physical contact and interaction
cocultures using transwell plates. Using established methods

for identifying gene expression interactions in direct cocul-
tures (15), we performed 2-class Significance Analysis of
Microarrays (SAM) to identify interactions that were dis-
tinct between basal-like and luminal cocultures. A total of
1,320 probes showed statistical evidence of distinct inter-
action given a false discovery rate less than 0.001. Among
these 1,320 probes, we eliminated genes that behaved
idiosyncratically in 1 cell line (rejecting genes that were
not uniformly upregulated in basal-like or luminal cell lines)
to yield 488 probes representing 369 genes. A hierarchical
cluster of these genes, displaying their coculture interaction
coefficients, is shown in Figure 1 and the complete list
of genes and their interaction coefficients is provided in
Supplementary Table 1. In Figure 1, 140 genes are upre-
gulated specifically in luminal lines compared with basal-
like, and 229 genes are upregulated in basal-like lines relative
to luminals. This suggests that interactions with fibroblasts
are distinct between basal-like and luminal cancer cells.
To confirm the gene expression changes identified by

computational deconvolution in Figure 1, we performed
direct cocultures using dye-labeled cells and then separated
cells by fluorescence-activated cell sorting (FACS) for
expression analysis. Microarrays were performed using
RNA from the sorted cells and Table 2 (and Supplementary
File 1) illustrates that 94% to 95% of the expression changes
identified by deconvolution were observed in either fibro-
blasts, cancer cells, or both.
Several pathways were enriched specifically in basal-like

or luminal direct cocultures. By IPA, luminal cocultures
showed signaling changes in amino acid metabolism, DNA
replication, nucleic acid metabolism, and posttranslational
modification (Supplementary Table 2). Interestingly, many
of these categories are those that are upregulated in cellular
proliferation (32). The basal-like cocultures were enriched
for pathways in hepatic fibrosis, activation of IRF, TREM1
signaling, LXR/RXR activation, glucocorticoid receptor
signaling, IL-6 signaling, p38 MAPK signaling, LPS/IL-
1–mediated inhibition of RXR function, and growth hor-
mone signaling (Supplementary Table 3). Thus, enrich-
ment for pathways involved in immune response was

Table 1. Breast cancer cell lines cocultured with reduction mammoplasty fibroblasts and their subtype
classifications given various predictors

Cell line Training or test PAM50 Neve et al. Coculture-14 subtype

MCF-7 Training Luminal Luminal
ZR-75-1 Training Luminal Luminal
T47D Training Luminal Luminal
HCC1937 Training Basal-like Basal A
SUM102 Training Basal-like N/A
SUM149 Training Basal-like Basal B
MDA-MB-231 Test Basal-like Basal B Basal-like
MDA-MB-468 Test Basal-like Basal A Basal-like
SUM159 Test Basal-like Basal B Basal-like
ME16C Test Basal-like N/A Basal-like
SKBR3 Test HER2E Luminal Luminal
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observed in basal-like cocultures. We had previously
observed an increased wound response signature in the
normal tissue adjacent to breast tumors (20). Our analyses
of cocultures show that this wound response signaling is
upregulated in this model system, with both basal-like and
luminal cocultures showing altered expression of genes in
the 200-probe/130-gene wound response signature. How-
ever, consistent with our previous observations in vivo (33)
in coculture, different genes appeared to be upregulated in
each cancer subtype with CCL2, CSF3, CXCL1, LAMC2

TLR2, TNFRSF6B, and TREM1 upregulated in basal-likes
and CEACAM6, RECK, S100A8, and TMC5 upregulated
in luminals. Relative to monocultures comparing basal-like
and luminal cancer cells, cocultures produced a broader
range of expression differences. Comparing the expression
of the 3 monoculture basal-like cell lines against the 3
luminal cell lines using the same methods and FDR thresh-
olds, we found only 10 probes corresponding to 8 genes.
These genes were TFF3, PDZK1, KRT19, FLJ12650,
EFHD1, CD109, FLJ10134, and MGC34923. Thus

Table 2. Genes identified in computational deconvolution are differentially expressed in sorted cells

Computational results
validated in sorted cellsa

Cellular subpopulation expressing validated genesb

Yes No Cancer cells Fibroblasts Both

SUM149 (basal-like) 199 (94%) 13 (6%) 24 (12%) 67 (34%) 108 (54%)
MCF7 (luminal) 124 (95%) 7 (5%) 50 (40%) 22 (18%) 52 (42%)

aThree hundred forty-three genes from the original 369 identified in Figure 1 passed filters for image quality. Two hundred twelve of
these were genes originally upregulated in basal-like (evaluated in SUM149) and 131 were originally upregulated in luminal (evaluated
in MCF7).
bValidated genes included 199 total for SUM149 cocultures and 124 for MCF7 cocultures.

Figure 1. Basal-like and luminal
cocultures show distinct gene
expression profiles. Hierarchical
clustering shows 369 genes that
were significantly and consistently
differentially expressed between
basal-like and luminal breast
cancer, when interacting with
fibroblasts. The heat map shows
the log2(R/G) of the Buess
interaction coefficient, so the color
represents the fold-change
relative to monoculture. A
complete list of genes and their
interaction coefficients across
these samples are available in
Supplementary Table 1.

Interaction fold-change

Higher in
fibroblast:luminal interactions

PTGS1
FOXP1, FOXA2

PSG4, PSG6, PSG9
RGS4, RGS16

S100A3, S100A8, S100A9, S100P
TRIM14, TRIM34, TRIM58

IL6, IL8
STAT1, STAT3

TWIST1
CXCL1, CXCL3, EREG
IL1R1, ILR2, IL1RAP

IL18R1, IL12A
TGFB1, TGFB3. INHBA
HLA-A, HLA-B, HLA-F

Higher in
fibroblast:basal-like interactions

-3 -2 -1 0 1 2 3
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fibroblast interactions appeared to enhance the differences
between basal-like and luminal cancers.

Cell proliferation and migration phenotypes for cancer
cells in fibroblast cocultures
On the basis of our observation from gene expression that

proliferation-related processes were upregulated due to
interactions between luminal cells and fibroblasts, we per-
formed MTT assays to evaluate change in growth rate for
luminal and basal interaction cocultures. Although there
was no net difference considering all luminal cell lines as a
group (vs. all basal-like cell lines as a group), all 3 luminal
cell lines showed statistically significant differences in pro-
liferation in coculture and were more likely to display
altered proliferation (Fig. 2A). MCF7 and T47D increased
cell number by 22% (P¼ 1.0� 10�6) and 14.4% (P¼ 5.0
� 10�7) relative to monocultures. Only the luminal line
ZR-75-1 showed a significant decrease in proliferation
(�8.7%; P ¼ 0.02). Among the basal-like lines, only 1

line showed a significant change in proliferation with
coculture; the SUM149 cells appeared to increase growth
by approximately 15% (P ¼ 5.0 � 10�16), whereas the
SUM102 and HCC1937 had nonsignificant decreased
growth rates of 6% and 0.5%, respectively.
In contrast, all 3 basal-like lines showed increased cellular

migration in interaction cocultures. Although these cell
lines display migration capacity in monoculture, the num-
ber of migratory cells increased substantially when cocul-
tured in a transwell migration assay (Fig. 2B). In addition,
the ability of the basal-like lines to close a wound was
enhanced in the presence of RMF cells (Fig. 2C). These
results show a functional change in the cellular behavior in
response to coculture. These results mirror observations
based on gene expression data, where the basal-like cells
showed upregulation of epithelial-to-mesenchymal transi-
tion (EMT)-related pathways such as HGF signaling (hepa-
tic fibrosis in Supplementary Table 3) and also upregulated
genes like TGFB1 and TWIST.
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Figure 2. Basal-like versus luminal differences in proliferation and migration in response to coculture. Interaction cocultures were used to measure
proliferation using an MTT assay (A), migration using a Transwell migration assay (B), and wound healing using a scratch assay (C). Relative to
monoculture, cocultures induced significant proliferation changes for all 3 luminal lines and for 1 of the 3 basal-like lines. Migration and wound healing
were more pronounced both at baseline and following coculture for the basal-like breast cancer cell lines.
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Direct versus interaction coculture differences
The direct cocultures suggested phenotypes that we

were able to confirm using phenotypic assays (MTT
and transwell migration assays), but we hypothesized that
there may be differences in the character and strength of
the response to coculture depending upon whether the
cells were in direct contact or interacting only through
soluble factors. Figure 3 shows that few of the genes
expressed in direct coculture (Fig. 3A) were similarly
expressed in interaction cultures [The heat map in
Fig. 3B is based on 2 basal-like (SUM102, SUM149)
and 2 luminal breast cancer cell lines (MCF7 and
T47D)]. Despite the small percentage of genes that
showed strong overlap (such as those in Fig. 3C), it
cannot be excluded that important interactions are
mediated through soluble factors, because the interaction
cocultures were able to induce the phenotypic effects of
increased proliferation and migration. In fact, TWIST,
IL6, IL8, CXCL3, and SOD2 are induced in both direct
and interaction basal-like cocultures.
SAM analysis of direct cocultures to identify genes

differentially expressed in the fibroblasts under the influ-
ence of basal-like versus luminal cancer cell lines identified
233 probes that were differentially expressed (with FDR <
0.001) and 204 of these probes (representing 152 genes)

were consistently expressed across both basal-like or both
luminal cocultures. Likewise, for cancer cell lines in
interaction cultures with fibroblasts, 279 probes (with
FDR < 0.001) overall and 248 probes (189 genes) uni-
formly expressed by cell type were identified. Only 3 genes
were common to the fibroblast and cancer cell lists and
changed in the same direction in response to coculture:
PGK1,MGC21688, and PTX3. Two genes were regulated
in opposite directions in fibroblasts and cancer cells
(TNFAIP2, ARID5A). The remaining genes were signifi-
cant in either fibroblasts or cancer cell lines, but not in
both. The direct cocultures appear to have a broader
transcriptional response, enriched for more Gene Ontol-
ogy (GO) functions and more signaling pathways than the
transwell cultures. But both the direct and interaction
coculture gene lists were enriched for common GO terms
such as cellular movement, cellular growth and prolifera-
tion, and cell death. The coculture gene list is additionally
enriched for cell morphology, cellular development, cell
growth and proliferation, and drug metabolism (Supple-
mentary Table 4) as well as signaling pathways such as
hepatic fibrosis/hepatic stellate cell activation, role of
macrophage, fibroblasts and endothelial cells in rheuma-
toid arthritis, role of pattern recognition receptors in
recognition of bacteria and viruses, antigen presentation

A B

C

Figure 3. Gene expression differences observed in direct coculture are not fully recapitulated in interaction (Transwell) cocultures. This 1-dimensional (genes
clustered only) cluster of the 369 genes from coculture included direct (A) and interaction (B) cocultures where either fibroblasts alone (but under the influence
of luminal or basal-like breast cancer cell lines) or breast cancer cell lines alone (but under the influence of fibroblasts) were used to harvest RNA for
microarrays. The color bars along the top indicate which cell type was represented in the microarray: orange indicates fibroblasts, blue indicates luminal cells,
and red indicates basal-like cells. A small percentage of genes (C) show strong overlap between direct and interaction cocultures.
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pathway, oncostatin M signaling and glucocorticoid
receptor signaling (Supplementary Table 5).

Independent validation in vitro and subtype prediction
in vivo
To test whether these results were generalizable to other

cell line models of breast cancer, we next employed direct
cocultures with 5 additional cell lines as a test set. The test
set included: SUM159, SKBR3, MDA-MB-231, MDA-
MB-468, ME16C. Several fibroblast:epithelial ratios were
performed for each cell line. Using our training samples and
the 369 genes selected by SAM analyses as significantly
associated with subtype, we performed 10-fold cross-valida-
tion with PAM to identify a set of 14 genes that could
reliably distinguish basal-like from luminal cocultures. We
then applied this set of 14 genes, "the Coculture14"
(Supplementary Table 6) to predict the subtype of the test
set cocultures. The predicted subtype for each coculture is
shown in Table 1. The enrichment for cytokines in the
predictive signatures suggests that high expression of cyto-
kines is a key feature in predicting basal-like fibroblast
interactions.
To evaluate whether these genes were differentially

expressed in vivo as a function of breast cancer subtype,
we used the coculture derived lists to distinguish basal-like
and luminal cancers. Supplementary Figure 1 shows the
heat map of 140 genes from the coculture 369 gene list that
passed an interquartile range (IQR) filter (IQR > 1.0) across
the 295 samples from the NKI. From this supervised
cluster, it is evident that basal-like and luminal breast
cancers differentially express the genes identified in basal-

like versus luminal cocultures. The 14 genes in our Cocul-
ture14 predictor derived from the cell lines mapped to the
NKI data set and this gene set showed 91% training
accuracy in identifying basal-like and luminal tumors
(Table 3), but the class-specific accuracy was low for BBCs.
We also rebuilt a second predictor using 105 genes that
mapped to the data set that were concordant between tumor
and cell lines as described in the Materials and Methods
section. Using this approach, we identified a signature of 29
genes, "Coculture29", (Supplementary Table 6) which had
98% cross-validation accuracy in predicting basal-like ver-
sus luminal subtype, and good class-specific accuracy for
both basal-like and luminals. Testing this signature on
UNC227 (24) gave similar predictive accuracy (Table 3).
Interestingly, the HER2 tumors were more likely to be
classified as luminal than basal-like, suggesting that these
tumors share some emergent features with luminal cancers.

Predictive value of fibroblast-derived and cancer cell–
derived gene lists in vivo
Having established the relevance of the direct coculture

signatures in predicting subtype in vivo, gene expression in
interaction cultures was used to evaluate the significance of
fibroblast-derived and cancer cell–derived gene expression
in characterizing tumor subtype. We found that signatures
derived from the interaction cocultures had poor predictive
accuracy in vivo relative to signatures derived from direct
contact. Using 189 genes that were differentially expressed
by basal-like versus luminal cells when under the influence
of fibroblast-derived soluble factors, a set of 18 epithelial-
derived genes (CancerCell18) were identified that had

Table 3. Predictor tumor subtype according to PAM50, 14-gene coculture, 29-gene coculture, 18-gene
cancer cell, and 30-gene fibroblast

PAM50
subtype

Coculture14,
trained in vitro

Coculture29,
trained in vivo

CancerCell18,
trained in vivo

Fibroblast30,
trained in vivo

Basal-like Luminal Basal-like Luminal Basal-like Luminal Basal-like Luminal

Training NKI 295
Basal-like, n 45 21 24 45 0 40 5 38 7
HER2E, n 25 2 23 4 21 7 18 3 22
Luminal, n 217 0 217 4 213 2 215 0 217
Normal, n 8 0 8 2 6 2 6 1 7
Subtype-specific accuracy, %a 46.7 100.0 100.0 98.2 88.9 99.1 84.4 100.0
Overall accuracy, %a 90.8 98.5 97.3 97.3

Test UNC 227
Basal-like, n 66 24 42 66 0 48 18 26 40
HER2E, n 26 0 26 5 21 0 26 1 25
Luminal, n 118 0 118 0 118 0 118 0 118
Normal, n 17 1 16 7 10 4 13 3 14
Subtype-specific accuracy, %b 36.4 100.0 100.0 100.0 72.7 100.0 39.4 100.0
Overall accuracy, %b 77.2 100.0 90.2 78.3

aPercentage accuracy considering only 262 tumors, basal-like (n ¼ 45) and luminal (n ¼ 217).
bPercentage accuracy considering only 184 tumors, basal-like (n ¼ 66) and luminal (n ¼ 118).
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maximum overall (97%) and class-specific accuracy (89%–
99%) in identifying basal-like and luminal cancers. How-
ever, in testing this gene set, overall accuracy dropped to
90% and basal-like accuracy dropped to 72%. Likewise,
using the 152 genes altered in fibroblasts under the influ-
ence of cancer cells, a 30-gene list (Fibroblast30) was
identified that had 97% overall accuracy and 84% accuracy
in identifying basal-like tumors. However, testing this
signature on a second data set (UNC227) resulted in only
40% accuracy among basal-like tumors. The interaction
coculture gene sets (Supplementary Table 6) were not as
relevant to in vivo subtype as the direct coculture signatures.

Discussion

The microenvironment features that are unique to basal-
like versus luminal breast cancer have not been well char-
acterized. Cancers develop and evolve through interaction
with the microenvironment and thus the disease ultimately
represents molecular features that accommodate both
tumor cell and stromal cell characteristics. In other words,
the tumor in vivo is more than the sum of its parts and
represents the product of reciprocal interactions. The stro-
mal–epithelial interactions may be targetable to slow growth
or reduce metastases, so characterizing these interactions has
translational relevance. To better understand the stromal
cell interactions of breast cancer subtypes, we studied
representative cell lines using fibroblast–cancer cell cocul-
tures. Across 11 different cell lines, emphasizing 6 that were
selected a priori as representatives of basal-like or luminal
cancers, we identified stromal interactions that distinguish
basal-like and luminal breast cancers. This signature had a
high degree of predictive accuracy (>98%) in distinguishing
basal-like from luminal breast tumors in independent data.
In fact, the direct coculture signatures (relative to interac-
tion coculture signatures) resulted in predictors with the
highest accuracy in predicting tumor subtype. The biolo-
gical relevance of direct interaction is supported by studies
in mouse xenograft models, where coinjection of cancer cells
and fibroblasts or injection of cancer cells pretreated with
direct coculture conditioned media results in tumor growth
promotion (34, 35). This suggests that cell–cell contact in
the microenvironment is a fundamental characteristic of
breast cancer subtype.
Our observations are consistent with the idea that a

tumor is more than the sum of its parts. These gene
expression signatures represent an "emergent" property of
breast cancer subtypes, defined as properties that cannot be
identified through functional decomposition. By using a
computational deconvolution process that preserves cell–
cell contact and more closely approximates functional
composition in vivo, we were able to identify biological
signatures with implications for breast cancer. We con-
firmed that changes identified by computational deconvo-
lution were also changed in the same direction in physically
separated cells. As our result show, even if soluble interac-
tions are preserved, such as in transwell interaction cultures,
the gene expression differs markedly from that observed in

direct cocultures where cell–cell contact is intact. However,
the interaction cultures preserved some important signals
involved in migratory phenotypes (e.g., IL6, IL8, etc.) and
induced migratory behavior. Thus, both systems have
applicability for studying different aspects of the heterotypic
interactions between cell types.
The role of fibroblast–cancer cell interactions in mediat-

ing many of the basal-like pathways we identified had not
previously been demonstrated. For example, oncostatin M
dysregulation and alterations in hepatic fibrosis–associated
genes were significantly altered in basal-like cocultures.
Oncostatin M is a proinflammatory mediator that induces
transmigration of human neutrophils through endothelium
by stimulating expression of adhesion molecules and che-
mokines (36). Treatment of breast cancer cell lines with
oncostatin M has previously been shown to reduce pro-
liferation and induce cellular morphology changes and
EGFR expression (37, 38), the latter of which is known
to be a common occurrence in BBC (5). Oncostatin M
signaling also plays a critical role in differentiation and death
of mammary epithelial cells (39). Thus, this pathway merits
further investigation in relation to BBC pathogenesis,
emphasizing the role of cell–cell communication in mod-
ulating that pathway. STAT1 is a component of several of
the significant pathways and this is noteworthy because this
gene and IFN-g signaling were previously shown to be
dysregulated in fibroblast–breast cancer coculture systems
(15). Thus, our results for STAT1 are consistent with
previous literature, but also demonstrate that STAT1 altera-
tions vary with subtype. The observed association between
high STAT1 protein expression and poor disease-specific
survival (15) may be due to STAT1 expression acting as a
surrogate biomarker for BBC.
Our objective was to identify how patterns of interactions

differ between 2 important breast cancer subtypes.
Although some of these specific genes and pathways may
be targetable, future studies should explore mechanism in
greater detail for some of these pathways. However, the
patterns we observed show that our coculture studies
rediscovered some well-established biology of BBC and
generated new insights and information regarding the role
of stromal cell interactions in these pathways.
Basal-like cells respond to stromal interactions in our

systems by increasing migration, whereas luminal lines more
frequently showed altered proliferation. One basal-like cell
line and a representative of the most aggressive, inflamma-
tory breast cancers (40), SUM149, increased both prolif-
eration and migration. Interestingly, the increased
migratory capacity and upregulation of TWIST and TGFb,
are characteristics consistent with increased EMT in BBC
cells interacting with fibroblasts. The induction of EMT/
stem cell phenotypes by stromal interactions have been
reported previously in other cancers (41, 42) and merits
further investigation in breast cancer. These data also raise
the hypothesis that invasive BBCs may progress by distinct
microenvironment-mediated cellular mechanisms relative
to luminal cancers. For example, "self-seeding", wherein
circulating tumor cells colonize their tumors of origin and
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thereby increase their size (43), has been demonstrated
compellingly with mouse xenograft models using the
MDA-MB-231 (Basal-like or Basal B; ref. 25) cell line
model. This phenomenon was observed in the presence of
stroma and many of the pathways that were altered speci-
fically in basal-like cocultures (e.g., IL-6, IL-8, oncostatinM
signaling, and CXCL1) were important mediators of this
effect (44). IL-8, in particular, has previously been asso-
ciated with estrogen receptor–negative cancers (45) and
facilitates invasion among cell lines that possess cancer stem
cell properties (46), however, its regulation has largely been
studied in monoculture systems (47). A recent study has
shown that regulation of IL-8 may occur through hetero-
typic signaling involving microRNA 17/20 (48). This
suggests that coculture systems may represent important
and convenient in vitro models for some of the cellular
capabilities (e.g., migration) relevant to self-seeding phe-
nomena. Because the genes involved in self-seeding appear
to be upregulated by heterotypic interactions with basal-like
and not luminal cell lines, this also raises the hypotheses that
self-seeding may be characteristic of the more aggressive
BBC subtype. More broadly, these results suggest that
targeting cancer cell capabilities other than mitosis, such
as migration, may be an important strategy for halting
progression of BBC (43).
Future work should examine HER2-enriched (HER2E)

subtype-specific interactions and also interactions between
stroma and the emerging Claudin-low subtype of breast
cancer (49). Our results suggest, based on both the SKBR3
coculture predictions and the predictions for HER2E
tumors, that HER2E breast cancers may be associated with
microenvironment conditions that are more similar to
luminal breast cancer microenvironments. However, a 2-
class predictor requires that a tumor be made to fit one of
these categories, where certain signatures may be unique or
unrecognized without explicitly studying this subtype. Like-
wise, the MDA-MB-231 and SUM159 may share some of
the mesenchymal features of Claudin-low breast cancer (49)
and so may be a strong model for this subtype. As models for
this breast cancer subtype become more well established, it
will be possible to define unique microenvironment char-

acteristics for Claudin-low tumors. It will also be important
to study interindividual variation in fibroblasts (13) and
how other mesenchymal cell types and endothelial cells
interact with cancer cells.
Coculture systems serve as convenient in vitro models for

studying molecular dynamics governing breast cancer sub-
type progression. Previously, we have usedmany of these cell
lines to study chemosensitivity with proliferation as our
primary endpoint (50). For drugs that target mitosis, gene
expression profiles of drug-treated monocultures have been
good predictors of mechanisms and sensitivity (51). How-
ever, as our appreciation for the importance of stem cells,
microenvironment, and angiogenesis have grown and as new
drugs targeting these pathways develop, novel approaches for
understanding mechanism and predicting response will be
needed. Coculture models have substantial advantages over
monocultures for recapitulating many of the biological
dynamics relevant to the mechanisms of action of these
drugs. Pairing cocultures, computational deconvolution,
and appropriate phenotypic endpoints (e.g., migration or
invasion) allows important insights about mechanisms rele-
vant to breast cancer biology and treatment.
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