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Abstract

Gene expression analysis has identified biologically relevant
subclasses of breast cancer. However, most classification
schemes do not robustly cluster all HER2+ breast cancers, in
part due to limitations and bias of clustering techniques used.
In this article, we propose an alternative approach that first
separates the HER2+ tumors using a gene amplification signal
for Her2/neu amplicon genes and then applies consensus
ensemble clustering separately to the HER2+ and HER2�
clusters to look for further substructure. We applied this
procedure to a microarray data set of 286 early-stage breast
cancers treated only with surgery and radiation and identified
two basal and four luminal subtypes in the HER2� tumors, as
well as two novel and robust HER2+ subtypes. HER2+ subtypes
had median distant metastasis-free survival of 99 months [95%
confidence interval (95% CI), 83–118 months] and 33 months
(95% CI, 11–54 months), respectively, and recurrence rates of
11% and 58%, respectively. The low recurrence subtype had a
strong relative overexpression of lymphocyte-associated genes
and was also associated with a prominent lymphocytic
infiltration on histologic analysis. These data suggest that
early-stage HER2+ cancers associated with lymphocytic
infiltration are a biologically distinct subtype with an
improved natural history. [Cancer Res 2007;67(22):10669–76]

Introduction

Breast cancer (BCA) is a heterogeneous group of diseases. More
than 60% of tumors express the estrogen receptor (ER) and are
susceptible to treatments targeting the estrogen pathway (1, 2).
Twenty percent or more have HER2 amplification and are suscep-
tible to treatments targeting the HER2 pathway (3). Measurement of
ER and HER2 levels is a routine part of clinical evaluation and guides
treatment. However, there remains significant heterogeneity in
treatment response in tumors with similar clinical classification (1).
Gene expression analyses have provided insight into this clinical

heterogeneity. One approach is to use supervised analysis of gene

expression data from large clinically annotated data sets to identify
prognostic signatures associated with outcome. Van’t Veer et al. (4)
identified 70 genes whose expression correlated with clinical
outcome. Paik et al. (5) found 21 genes that distinguish good/bad
prognosis in lymph node–negative ER+ tumors treated with
tamoxifen. Wang et al. (6) identified a 76-gene panel correlated
with recurrence rate in node-negative patients treated with surgery
and radiation.
Another approach has been to use unsupervised clustering of

gene expression profiles to stratify samples into natural classes.
When Perou et al. (7, 8) used this approach, they found that their
samples initially divided into two groups, largely on the basis of the
difference in expression of genes in the ER signaling pathway, and
which correlated with expression of ER protein. With further
clustering, they identified two classes in the ER+ group, which
they labeled Luminal A (ER+ with good prognosis) and Luminal B
(ER+ with poor prognosis). In the ER� group, they also found
two subtypes, labeled Basal-like (ER�, PR�, HER2�) and HER2+
(ER�, HER2+). These subtypes were confirmed by later studies
(9–13) and are now widely cited.
However, several basic questions remain unanswered. Is this

classification the optimal one for clinical use? Are the classification
methods robust to data and clustering method perturbation? Are
the subtypes reproducible across multiple data sets? How is the
clustering influenced by sampling bias and genes used? How can
classification be used in clinical care?
The assignment of samples to subtypes is sensitive to sample

and gene set bias. Because most breast tumors are ER+ and many
genes are coordinately regulated by ER, data filtering methods
(14–18) are strongly biased toward estrogen pathway genes.
Clustering applied to such a gene set tends to divide samples
along an ER+/ER� split, which might be a misclassification of
some samples. For example, using the methods proposed in ref. 7,
HER2+ samples split into two groups based on the expression of
estrogen pathway genes. Further clustering assorts the HER2+/ER�
cases into their own sub-cluster, and the HER2+/ER+ cases classify
with the non-Luminal A, ER+ clusters. We will provide evidence
from measured recurrence rates that the splitting of HER2+ tumors
into ER+/ER� clusters may not reflect a biologically or clinically
relevant classification and could simply arise from a combination
of sampling bias and choice of clustering technique.
Our approach for avoiding this problem is to separate HER2+

samples using clinical markers. Because the HER2+ tumors
represent a fraction of BCA cases, this does not impact the
clustering of the remaining tumors. More importantly, however,
such a separation allows the identification of the natural

Note: Supplementary data for this article are available at Cancer Research Online
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substructure of the HER2+ group. Our clustering method uses
principal component analysis (PCA) and consensus ensemble
clustering (19, 20). We use the data set of Wang et al. (6) with 286
BCA samples on Affymetrix U133a chips from patients who were
treated only with surgery and radiation and had a median follow-
up of 86 months. This data set was chosen because the tumors
were all of similar stage (node-negative); all tumors were treated
similarly (no systemic adjuvant treatment was administered), and
there was long-term (up to 150 months) clinical follow-up. Thus,
any differences in natural history among these tumors is likely to
reflect the intrinsic biology and less likely to be confounded by
differences in stage and treatment.
Assessment of HER2 status by immunohistochemistry or

fluorescence in situ hybridization were not available in the data
set. However, a positive correlation between the mRNA and protein
levels and gene amplification of the genes in the chr17 HER2
amplicon has been shown in several studies (21, 22). We therefore
identify HER2+ tumors in this data set using co-amplification of
three or more of the Her2/neu amplicon genes: Her2/neu, GRB7,
STARD3, and PPARB . After separating HER2+ and HER2� samples,
each set is separately analyzed by PCA and consensus ensemble
clustering (19, 20) to identify potential substructure. This analysis
identified a total of eight robust BCA subtypes.
Within the HER2� cases, using the labeling schema of Perou

et al. (7, 8), we found one Luminal A cluster (ER+, good prognosis),
three Luminal B (ER+ with mixed prognosis; labeled LB1, LB2, LB3)
and two Basal-like clusters (BA1, BA2).
A startling observation was that the HER2+ cases clustered into

two clear subtypes with significantly different distant metastasis-
free survival rates. The major expression signature that separates
these two subtypes of HER2+ tumors was not estrogen signaling
related. Instead, there was strong up-regulation of a wide variety of
lymphocyte-associated genes in the good prognosis subtype. This
observation suggests our main result: the presence of a lympho-
cytic infiltrate in node-negative HER2+ tumors is correlated with
an improved natural history. The validation of our observed
correlation of natural survival rate with lymphocytic infiltrate in
HER2+ breast tumors, the elucidation of the biological basis of such
an effect, and its impact on cure and recurrence rates following
chemotherapy and adjuvant therapy are important future research
directions.

Materials and Methods

Consensus clustering of BCA data from Wang et al. The data set of
Wang et al. (6) was obtained from the National Center for Biotechnology

Information GenBank GEO database10 (series entry GSE2034). Clinical
information about distant metastasis, along with ER and lymph node

status was available. We identify the HER2+ samples using mRNA levels of

the chr17 amplicon genes Her2/neu, GRB7, STARD3, and PPARB (22). After

removing the HER2+ samples, we use PCA and consensus ensemble
clustering (19, 20) to split the data into two groups, which are identified

as Luminal-like and Basal-like tumors based on mRNA levels of ER

pathway genes and ER protein status. Next, consensus ensemble clustering

(19, 20) was applied separately to the HER2+, Luminal, and Basal core
clusters to identify further substructure using statistical measures to find

the optimum number of sub-clusters. The assignment of samples to

clusters was rendered insensitive (robust) to perturbation through

bootstrapping.

Figure 1 shows the flowchart of the analysis. All details of the procedures
used are given as appendices in the Supplementary Material. Appendix 1

describes the data normalization and clustering techniques used. Appendix 2

describes how the HER2+ samples were identified using HER2 amplicon

gene levels. Appendix 3 describes how the gene markers that distinguish the
subtypes were identified. Appendix 4 describes how to stratify an unknown

sample into our subtypes.

Consensus clustering of data of HER2+ tumors from Harris et al.
Gene expression data obtained from 21 tumors that were part of a
neoadjuvant trial of trastuzumab and vinorelbine in HER2+ BCA was

obtained from a previously described study (23). Semi-supervised clustering

using a set of genes that stratified the two HER2+ groups in the Wang et al.

data set was applied to these new data as described in Appendix 5.
Analysis of histologic sections. H&E-stained frozen sections of

pretreatment core biopsies were available for 21 tumors described in

Harris et al. (23) for which gene expression data had been obtained. H&E-
stained formalin-fixed paraffin sections from the diagnostic core biopsies

were also available for nine of these tumors. Each frozen section was

examined independently in a blinded fashion by two BCA pathologists

(N.B. and M.M.) and scored for the presence of a lymphocytic infiltrate.
A rating of 1 to 3 was used, with 1 signifying minimal to no lymphocytes

associated with tumor regions; 2 signifying moderate lymphocytic infiltrate

present; and 3+ signifying a marked lymphocytic infiltrate. Fisher’s exact

test was used to generate P values for combined pathologists’ scores.

Results

Forty-two samples (18 ER+ and 24 ER�) had up-regulation of
both Her2/neu and of two or more of the genes GRB7, STARD3, and
PPARB from the Her2/neu amplicon. Ten samples (7 ER+ and
3 ER�) had Her2/neu, and one other amplicon gene was up-
regulated. The first set (42 samples) was identified as a ‘‘core HER2+
cluster’’, and the second (10 samples) was identified as ‘‘potentially
HER2+’’. The second set was set aside and classified only after
subtype classification was completed and the rules for subtype
classification for all subtypes were identified. The core HER2+
cluster was used to identify potential HER2+ substructure.
The 234 remaining samples were analyzed by PCA to identify

1,780 genes on 165 principal components that represented 85% of
the variation in the data. Consensus hierarchical clustering was
applied to these samples by averaging more than 50 data sets
obtained from 80% random resamplings using these 1,780 genes.
This identified two strong clusters. The first had 171 samples all
with high levels of the estrogen pathway genes (ESR1, GATA3,
SCUBE2, XBP1, LIV-1, CA12; ref. 10) and the second had 63 samples
all with down-regulated ER pathway genes.
In the first cluster, 163 samples with consistent ER+ signatures

from both mRNA levels and protein status were labeled ‘‘core
Luminal’’ and 8 samples with ER+ mRNA levels but ER� by clinical
testing were labeled ‘‘potentially Luminal’’ and set aside for later
classification. In the second cluster, 49 samples with consistent
ER� status were labeled ‘‘core Basal-like’’, and the remaining 14
samples ambiguous ER� mRNA and protein signatures were
labeled ‘‘potentially Basal-like’’ and set aside for later classification.
We found 252 up-regulated gene probes (121 in the ER� group

and 131 in the ER+ group), which distinguished the groups
by signal-to-noise ratio [SNR; P < 10�5, see Appendix 3 and false
discovery rate (FDR) < 0.005]. The top genes up-regulated in the
ER�/ER+ groups were the known markers CDH3, DSC2, KRT16,
and KRT6B for the Basal subtype and ESR1, GATA3, SCUBE2, TFF3,
FOXA1, CA12, etc. for the Luminal subtype (7, 8).
Figure 2 shows the Kaplan-Meier distant metastasis-free survival

curves for the initial Luminal, Basal, and HER2+ subtypes identified10 http://www.ncbi.nlm.nih.gov/geo/
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in the data. Although the Luminal subtype has the lowest and the
Basal the highest 4-year disease-free survival, these differences
disappear at longer follow-up for this group of early-stage tumors.
These data suggest that, at least in this cohort of early-stage tumors
treated without adjuvant therapy, long-term disease-free survival is
not well predicted by just the three global subtypes ‘‘Luminal’’,
‘‘Basal-like’’, and ‘‘HER2+’’.
To identify possible further substructure in the data, we repeated

the PCA and robust consensus clustering analysis (19, 20) using
all genes separately for each of the Luminal (163 samples), Basal
(49 samples), and HER2+ (42 samples) clusters. Gap statistics (24),
Gini index (19), and silhouette score (25) identified that the
optimum number of sub-clusters in these clusters was 4, 2, and 2,
respectively.

Stratification of luminal BCAs. In the Luminals, 1,674 gene
probes on 114 principal components represented 85% of the
variation. Consensus ensemble clustering on these probes found
sub-clusters of size 48, 26, 47, and 42. The core of each sub-cluster
was defined as the subset with a pair-wise agreement score across
bootstrap experiments exceeding 75%. These core subgroups had
44, 22, 38, and 28 samples, respectively. The remaining (non-core)
samples from each subgroup were put aside, and their classifica-
tion was attempted at the end based on the patterns identified for
the core subsets.
One core sub-cluster had an average distant metastasis-free

survival rate above 79%. All others had average distant metastasis-
free rates below 60%. Following Sorlie et al. (8), we labeled the ‘‘good
prognosis’’ core sub-cluster Luminal A (LA) and the three ‘‘poor
prognosis’’ clusters collectively as Luminal B (LB) or separately as
LB1, LB2, and LB3. The Kaplan-Meier curves for the Luminal A and

Luminal B subtypes are shown in Fig. 3A and B . For classification,
we identified probes that distinguish each core Luminal subgroup
from the rest individually (based on SNR, P = 0.01, FDR = 0.1)
or in combinations (also called patterns, see ref. 18).

Figure 1. Flowchart of the clustering
method. After normalization, mRNA levels
of the genes Her2/neu, GRB7, STARD3,
and PPARB on the Her2/neu amplicon
are used to isolate the HER2+ samples.
PCA and consensus ensemble clustering
on the remaining samples stratify them into
two clusters identified as Luminal (mostly
ER+) and Basal (mostly ER�). Using
consistency between gene and protein
levels, we define core clusters for these
two subtypes and stratify them and the
HER2+ cluster further by PCA and
consensus ensemble clustering. The
optimum number of clusters is estimated
a priori through the gap statistic, the
Gini index, and the silhouette scores
and validated a posteriori through class
membership accuracy. The ensemble
approach assigns samples to clusters
based on an agreement matrix from
averaging over clustering techniques
(partitioning, agglomerative, probabilistic)
applied to bootstrapped data sets.

Figure 2. Kaplan-Meier curves for the core Luminal, Basal, and HER2+
samples. The Luminal subtype has the best short-term distant metastasis-free
survival rate, but the long-term rate is poor because of the presence of
non-Luminal A subtypes (see Fig. 3).

Stratification of Breast Cancer
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Stratification of Basal-like BCAs. Ensemble clustering on the
1,116 genes identified by PCA on 36 principal components
stratified the core Basal cluster into two sub-clusters with 24 and
25 samples. Within these, pair-wise agreement score across
bootstrap experiments identified two core subgroups BA1 and
BA2, with 15 and 22 samples and average recurrence rates of 32%
and 41%, respectively. The BA1 subset had up-regulation of genes in
the Wnt signaling pathway, Immunity and defense, nucleoside,
nucleotide, and nucleic acid metabolism, whereas the BA2 set had
up-regulated genes in the integrin signaling pathway, cell adhesion,
developmental processes, cell structure, and motility (26, 27).
However, the recurrence-free survival curves for BA1 and BA2 were
not significantly different (log-rank P value = 0.6; Supplementary
Figure SA6-1 in the Supplementary Material). Thus, these basal
subtypes may be biologically distinct entities, but display no
difference in natural history after local treatment alone.

Substructure of HER2+ BCAs. In the HER2+ core cluster, PCA
identified 651 genes on 31 principal components representing 85%
variation. Consensus ensemble clustering on these genes split the
HER2+ cluster into two subgroups with 21 samples each. The core
subgroups identified within these (denoted HER2+I and HER2+NI)
had 14 and 17 samples with distinct distant metastasis-free survival
rates of 89% and 42%, respectively. Figure 4 shows the metastasis-
free survival curves for the two HER2+ subgroups. The difference in
metastasis rates between HER2+I and HER2+NI is highly significant
(P = 0.01) compared with the difference between the Luminal A
and the Luminal B subtypes (P = 0.14). In comparison, we found
that recurrence in HER2+ group was not well separated by ER
status (P = 0.34, see Supplementary Fig. SA6-2 in Supplementary
Material). These results suggest that ER status is not a good
discriminator of recurrence in this set of early-stage HER2+ cases
treated with local therapy alone.
Using SNR to find the genes that distinguish HER2+I from

HER2+NI, we found that immunoglobulin genes were highly up-
regulated in HER2+I with P < 0.001 and FDR < 0.05. A gene ontology
analysis showed an enrichment of the immune support pathway
involving T-cell activation, inflammation-mediated chemokine and
cytokine signaling, and B cell activation (P < 0.01). Intriguingly, the

cluster of chemokine genes adjacent to the HER2 amplicon, which
include CCL2, CCL5, CCL8, CCL13, CCL18, and CCL23, are among
the set of genes up-regulated in HER2+I. However, most of the
up-regulated lymphocyte-associated genes are not located near
the HER2 amplicon (Supplementary Table S3). Our main conclu-
sion is that node-negative HER2+ tumors with the up-regulation
of immunoglobulins and other lymphocyte-associated genes (the
HER2+I cluster) have an improved natural survival rate compared
with HER2+ tumors that lack this signature (the HER2+NI cluster).

The HER2+I subset of HER2+ cancers is associated with a
prominent lymphocytic infiltrate. The tumor RNA used to
generate the gene expression profiles in the Wang et al. data set,
and indeed most BCA gene expression data sets, comes from bulk
tumor. Microarray analysis of these tumor specimens tests not only

Figure 3. A, Kaplan-Meier curves for Luminal A versus Luminal B. P = 0.14. B, stratification of the Luminal B into LB1, LB3, and LB2 shows distinct distant metastasis-
free survival.

Figure 4. Kaplan-Meier curves for the HER2+ subtypes (89% and 42%
long-term distant metastasis-free survival for HER2+I and HER2+NI; P = 0.01).
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the tumor cells but also nontumor components of the tumor
microenvironment. One explanation for the enrichment of
lymphocyte-associated genes in HER2+I is that these tumors have
a strong lymphocytic infiltration. To directly test this hypothesis,
we analyzed an independent set of HER2+ tumors for which both
histology and gene expression data were available. These data were
obtained from a previously reported (23) set of HER2+ tumors,
which were part of a phase II neo-adjuvant trial of treatment with
tratuzumab and vinorelbine. Before treatment, core biopsies were
obtained, and separate cores were processed for histology and for
RNA extraction, amplification, and hybridization to Affymetrix
U133a arrays. Gene expression data were available for 21 tumors.
We analyzed these array data by semi-supervised ensemble

hierarchical clustering using a set of lymphocyte-associated genes
identified by our previous analysis of the HER2+ samples in the
Wang et al. data. This analysis split the new tumor samples into
three clusters; cluster 1 had six a strong lymphocyte-associated
signature and corresponded to HER2+I; cluster 3 had seven samples
and little to no expression of these lymphocyte-associated genes
and corresponded to HER2+NI. Cluster 2, with eight samples, had a
mixed signature and was not easily classifiable as either HER2+I or
HER2+NI. Core biopsies, being by nature small specimens, may have
more variable sampling of the tumor microenvironment and biases
introduced by cDNA amplification. We believe that these factors
are the cause of the difficulty in clearly stratifying the subset of
HER2+ tumors in cluster 2.
Histologic specimens of each tumor in cluster 1 (HER2+I) and

cluster 3 (HER2+NI) were independently evaluated for the presence
of a lymphocytic infiltrate by two BCA pathologists who had no
knowledge of the gene expression classification. The tumors
classified as HER2+I all scored as having a moderate to marked
lymphocytic infiltrate, and almost all the HER2+NI scored as
having minimal lymphocytic infiltrate (see Fig. 5). The differences
in histologic scoring of lymphocytic infiltration between these
groups was highly statistically significant based on the Fisher’s
exact test (overall P < 0.0001). These data are consistent with the
HER2+I tumors being associated with a prominent lymphocytic
infiltrate.

We note that of the six tumors in cluster 1 that corresponds to
HER2+I, two had a documented complete pathologic response
(pCR) to neoadjuvant treatment with trastuzumab and vinorelbine.
Of the seven tumors in cluster 3, which corresponds to HER2+NI,
there were no pCRs. In cluster 2, there was one documented pCR;
this tumor had histologic evidence of lymphocyte infiltration in the
original diagnostic biopsy, but a mixed gene expression profile.

Comparison with existing gene panels. Several panels of
genes (4–6) have been proposed to distinguish good prognosis
from bad prognosis BCA patients under different conditions and
treatments. Strictly speaking, these apply only under their specific
conditions; e.g., the Oncotype DX panel of Paik et al. (5) is specific
to recurrence in node-negative, ER+ patients treated with
tamoxifen. Nevertheless, it is instructive to apply these panels
to our subtypes.
Figure 6A shows the ranges of raw scores for the ER+ samples in

our core clusters for the Oncotype DX panel (5). To make a precise
comparison, it is necessary to have the measured reverse
transcription-PCR values for the 21 genes in this for all the
samples correct for possible variance bias for each gene and
compute a normalized score using the scaling in ref. 5. In the
absence of these detailed data, we used the following procedure.
Using only ER+ samples, we averaged all correlated probe values for
each gene per array followed by a standard normalization of each
gene across samples before using the weights in ref. 5 to compute a
raw score for each sample. This is shown in Fig. 6A and should give
the correct relative recurrence risk score, which is an increasing
function of the unnormalized (raw) score. The order of increasing
risk predicted by the panel is Luminal A, LB1, LB3, LB2, HER2+NI,
HER2+I subtype. Figures 6B shows the ranges of subtype scores
using the van’t Veer (4) panel. Although the general trend from
Luminal A to Basal is correct, the details are not. In particular, the
relative recurrence risk of the HER2+I and HER2+NI subtypes is
inverted compared with measured values.
A striking feature of Fig. 6A and B is that the range of scores

within subtypes is small; most of the variability being between
subtypes. This suggests that the Oncotype DX and van’t Veer
stratification is a surrogate for the subtypes identified in the

Figure 5. HER2+I BCAs have a prominent
lymphocytic infiltrate. Gene expression
data were used to stratify a subset
of HER2+ BCA specimens from a
neoadjuvant phase II trial of trastuzumab
and vinorelbine (18) into HER2+I and
HER2+NI subclasses. H&E-stained
sections of each case were then
independently scored by two BCA
pathologists for the presence of
lymphocytic infiltration as described in
Materials and Methods. Scores: 1, minimal
to no tumor-associated lymphocytes;
2, presence of a moderate lymphocytic
infiltrate; 3, presence of a very robust
lymphocytic infiltrate. NE , specimen
was not of adequate quality for proper
evaluation. The table contains the gene
expression classification, histologic
scoring, and clinical response of each
specimen. P < 0.0001, Fisher exact test,
differences in scores between the two
tumor classes is statistically significant.
Right, typical histologic image of a tumor
with a prominent lymphocytic infiltrate
(top right ) and a tumor with no lymphocytic
infiltrate (bottom right ). Top right, T, region
with tumor cells; L, region with prominent
lymphocytes.
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present paper and may not be adding much prognostic information
within subtypes.
In Appendix 4, Supplementary Table S1, we provide a simple (but

not necessarily complete or optimal) classifier based on 120 genes
that can stratify a sample into our subtypes of Supplementary
Material. This classifier, if adequately validated, could be of clinical
use in stratifying patients by recurrence risk. We have used this
scheme to classify all the samples set aside as potentially Luminal
or HER2+ or Basal. These assignments are listed at the end of
Supplementary Table S2, which gives the assignment of all samples
into one of the eight subtypes.
In Supplementary Fig. SA4-1, we show a heat map for 10 samples

chosen randomly from each subtype over the 120 genes in
Supplementary Table S1 to visually illustrate its accuracy.

Discussion

There is now considerable data (22) showing that HER2+
amplification defines a distinct biological class of BCA. We show
how these can be pre-identified in microarray data using a criterion
based on the up-regulation of the Her2/neu amplicon. We then
used PCA and consensus ensemble clustering technique to find the
optimum number of subtypes in HER2+ and HER2� cases. Our
methods readily identified the Luminal A and Basal-like subtypes
initially described by Perou et al. (7), but found further substructure
into four Luminal, two HER2+, and two Basal-like subtypes with
distinct genetic signatures and recurrence rates. The HER2+ cases
were analyzed separately and found to assort into two groups, one
of which is marked by the strong up-regulation of lymphocyte-
associated genes and was shown to correlate with lymphocyte
infiltration of the primary tumor. By keeping the HER2+ samples
separate, we prevented perturbation by the clustering of the
Luminal and Basal-like cancers, which strongly separate by ER
status.
These data emphasize how the composition of a heterogeneous

group of samples greatly affects the outcome of clustering
algorithms. Thus, if all tumors are grouped together, in the
HER2+ cases, only the ER�, HER2+ subset will separate into a
unique group. If, however, as was done in the present analysis, the

HER2+ group is identified separately, the clustering analysis will
separate them into two groups that are distinguished not by an ER
signature, but by a lymphocytic infiltrate signature. The challenge
is to determine how best to apply these rules to large tumor
collections. In this paper, we suggest one possible approach, which
is to independently identify certain clinical classes of tumors and
then apply robust clustering algorithms. Ultimately, the methods
that can identify subgroups of BCA patients with unique natural
histories, or clear responses to certain therapies, will be the ones
useful to determine which stratification approaches are best.
The data presented here also show the value of expression

signatures coming from nonmalignant elements of the tumor
microenvironment. Gene expression profiling of bulk tumors
captures expression signatures of both the tumor cells and nearby
nontumor cells. Gene expression signatures coming from elements
of the immune system, the inflammatory pathways, and other
stromal elements may reflect relevant features of tumor biology
that may impact both natural history and response to specific
therapies.
In correlating existing prognostic gene expression panels to the

BCA subtypes identified in our analysis, we found that individual
subtypes have relatively narrow ranges of scores, with Luminal A
always scoring as good prognosis and Basal-like and HER2+ as poor
prognosis cases. Similar data have been previously reported (7, 28).
However, all the panels (4, 5) reverse the HER2+ subtype recurrence
risk relative to measured data. These data suggest that existing
panels, which were identified as predicting prognosis in mixed
collections of BCAs, do not add independent prognostic information
within a given BCA subtype. As Figs. 3A and B and 4 show, better
stratification by prognosis is obtained by restricting the analysis to
within individual BCA subtypes, based on clinical markers or using
clustering techniques.
We find two Basal-like tumor subtypes with 32% and 41% natural

recurrence rates. Sotiriou et al. (11) also identified two Basal
subtypes distinguished by expression of certain proliferation
markers and growth factors. Our Basal subtypes also exhibit some
of these markers: e.g., we find the proliferation markers, top-
oisomerase IIa (P = 0.106), CDC2 (P < 0.005), and proliferating cell
nuclear antigen (PCNA; P = 0.014) up-regulated in BA1. However,

Figure 6. Paik and van’t Veer panel scores for the BCA subtypes. Arrows, 95% confidence intervals for each core clusters. The relative risk increases from left to right.
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unlike the basal subtypes previously reported, there was no
difference in many of the other markers, such as fosB, c-fos, and
caveolin-2, between BA1 and BA2.
Our analysis found four Luminal BCA subtypes. The Luminal A

samples present as a very stable cluster with a strong ER+ signature
and the best natural history. The poorer prognosis Luminal
subtypes (LB1, LB3, and LB2 in order of relative risk) all have worse
prognosis than Luminal A. All these tumors are ER+ and most likely
HER2�. The biological basis that makes them cluster separately
and the observed differences in their natural history are difficult to
understand and need further analysis and validation from the
investigation of larger tumor collections and correlation with other
clinical parameters such as PR status, tumor grade, and
proliferation index.
The most significant result of this study is the discovery of two

HER2+ subtypes, HER2+I and HER2+NI in node-negative patients,
with recurrence rates of 11% and 58%, respectively. We observe a
single pathway correlated with the low distant metastatic rate of
the HER2+I subtype: the immunoglobulin pathway. As the RNA was
extracted from bulk tumor tissue, the high relative expression of
immunoglobulin genes and other lymphocyte-associated genes
(e.g., IGLC2, IGKC, TNFRSF17, NKG7, MAP4K1, XCL1, XCL2, TRAT1,
CTSW, IGHA1, etc.) suggests that these tumors have a robust
lymphocytic infiltration. Because immunoglobulin genes are
plentiful and likely co-regulated, the prominence of an immuno-
globulin signature in HER2+I does not necessarily imply that this
lymphocytic infiltrate is mostly composed of B cells.
These data support prior clinical observations that the histologic

presence of a lymphocyte infiltrate identifies a subgroup of early-
stage HER2+ BCA that have a remarkably good natural history
when treated with local therapy alone (29, 30). Intriguingly, in both
these prior studies, this difference in natural history was limited to
node-negative HER2+ tumors and was not present in node-positive
HER2+ tumors, suggesting that the presence of lymphocytic
infiltrate may affect the likelihood of metastasis in early lesions.
Of note, in these studies, the correlation of lymphocytic infiltrate
with better outcome was not seen in HER2� tumors. Thus, the
biological basis, cellular makeup, and clinical impact of lymphocyte
infiltration may be quite different in different subtypes of BCA.
A collection of 105 lymphocyte-associated genes that can separate
HER2+I from HER2+NI with high accuracy (>99%) in leave-one-out
experiments is shown in Supplementary Table S3. We also show in
this table all the genes with P V 0.005 and FDR V 0.05.
The presence of specific immune infiltrates have been associated

with improved prognosis in other cancer types, including ovarian
cancer and colon cancer (31–33). However, the presence of certain
T-cell subsets have also shown to negatively impact prognosis in

other studies, suggesting that the exact composition of the immune
infiltrate and/or its specific interactions with tumor cell biology
may vary significantly in different tumors (34, 35). It may be that
certain classes of cancers may induce distinct types of lymphocytic
infiltrate that impacts their natural history. In keeping with this,
it has been reported that the lymphocyte infiltration in HER2+
tumors has a preponderance of macrophages, whereas lymphocyte
infiltrates in HER2� tumors were composed mostly of T cells (29).
The biological basis for the lymphocytic infiltrate in these diverse
tumor types, their exact nature and composition, and their impact
on natural history needs further investigation.
The collection of tumors we examined were all early stage

(lymph node negative), and none received adjuvant therapy. Thus,
we do not know if the subclasses of tumors we identified will have
different responses to adjuvant treatment. For example, the
question of whether the two HER2+ subgroups will respond
differently to chemotherapy and/or trastuzumab remains open.
One recent study suggests that HER2+ tumors with lymphocytic
infiltrates may have high response rates when treated with
trastuzumab alone (36). In the subset of tumors we analyzed from
a neoadjuvant trial of trastuzumab and vinorelbine, there seems to
be an association with lymphocytic infiltrate and achieving a
complete pathologic response. Although provocative, this hypoth-
esis requires rigorous testing in larger patient populations.
Our results raise multiple questions about the biology of HER2+

BCAs. Why do certain tumors have a lymphocytic infiltrate? Does
the size of the HER2 amplicon, i.e., whether it encompasses the
nearby cytokine-rich region on 17q, correlate with the lymphocytic
infiltration? What is the exact composition of this infiltrate in
different tumor subtypes? Is the tumor or tumor-associated stroma
secreting key cytokines responsible for lymphocyte chemotaxis?
Does the infiltrate reflect an autoimmune recognition of the
tumor? Are the infiltrating lymphocytes providing a crucial growth
factor for the tumor or tumor-associated stroma? Comparison of
gene expression data derived from bulk tumor and then from
micro-dissection of separate tumor and nontumor compartments
may help answer some of these questions.
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