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Abstract
Purpose: The clinical relevancy of the 7-subtype classification of triple-negative breast cancer (TNBC)
reported by Lehmann and colleagues is unknown. We investigated the clinical relevancy of TNBC
heterogeneity by determining pathologic complete response (pCR) rates after neoadjuvant chemotherapy,
based on TNBC subtypes.
Experimental Design: We revalidated the Lehmann and colleagues experiments using Affymetrix CEL
files from public datasets. We applied these methods to 146 patients with TNBC with gene expression
microarrays obtained from June 2000 to March 2010 at our institution. Of those, 130 had received standard
neoadjuvant chemotherapy and had evaluable pathologic response data. We classified the TNBC samples by
subtype and then correlated subtype and pCR status using Fisher exact test and a logistic regression model.
We also assessed survival and compared the subtypes with PAM50 intrinsic subtypes and residual cancer
burden (RCB) index.
Results: TNBC subtype and pCR status were significantly associated (P ¼ 0.04379). The basal-like 1 (BL1)
subtype had the highest pCR rate (52%); basal-like 2 (BL2) and luminal androgen receptor had the lowest
(0% and 10%, respectively). TNBC subtype was an independent predictor of pCR status (P ¼ 0.022) by a
likelihood ratio test. The subtypes better predicted pCR status than did the PAM50 intrinsic subtypes (basallike vs. non basal-like).
Conclusions: Classifying TNBC by 7 subtypes predicts high versus low pCR rate. We confirm the clinical
relevancy of the 7 subtypes of TNBC. We need to prospectively validate whether the pCR rate differences
translate into long-term outcome differences. The 7-subtype classification may spur innovative personalized
medicine strategies for patients with TNBC. Clin Cancer Res; 19(19); 5533–40. 2013 AACR.

Introduction
Triple-negative breast cancer (TNBC) is defined by lack of
expression of estrogen receptor (ER) and of progesterone
receptor (PR) and lack of amplification or overexpression of
HER2. TNBC represents approximately 15% to 20% of all
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patients with breast cancer and compared with other breast
cancer types, is associated with a high recurrence rate and
short survival duration (1, 2). Reasons for this unfavorable
prognosis include the heterogeneity and aggressive nature
of the disease and the absence of well-defined molecular
targets that could form the basis for targeted therapy (3).
In previous studies, 20% to 30% of patients with TNBC
achieved pathological complete response (pCR) neoadjuvant chemotherapy and pCR was strongly associated with
prolonged overall survival (OS) and event-free survival (4–
7). In fact, patients with TNBC who achieved pCR had the
same prognosis as did patients with non-TNBC (4). In
contrast, among patients who did not achieve pCR, patients
with TNBC had a significantly poorer outcome (a shorter
survival duration driven by higher relapse rates) than did
patients with non-TNBC (4). TNBC’s heterogeneous response to chemotherapy in the neoadjuvant setting suggest
that different subtypes of primary TNBC may be associated
with high or low pCR rates. Subtype-specific individualization by molecular profiling would help us predict benefit
from standard chemotherapy and develop personalized
targeted drugs for TNBC.
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Translational Relevance
Triple-negative breast cancer (TNBC) could be classified into 7 subtypes. These TNBC subtypes were identified in 21 public mRNA gene expression profiles of breast
cancer with use of cluster analysis. However, the clinical
relevancy of the heterogeneity of TNBC is unknown. To
address the clinical relevancy, we hypothesized that the
subtypes of TNBC have different rates of pathological
complete response (pCR) to standard neoadjuvant chemotherapy regimens. In this study, we revalidated that
TNBC is heterogeneous and the pCR differs by TNBC
subtype using Lehmann and Bauer et al’s algorithm. This
is the first report that the TNBC subtype can serve as an
independent predictor of pCR status in patients who
received standard chemotherapy regimens. This confirms the possible clinical relevance of the 7 molecular
subtypes and these subtypes may lead to innovative
personalized medicine clinical trials for patients with
TNBC.

Gene expression analyses have identified molecular subtypes of TNBC that are refining our understanding of breast
cancer biology and enabling development of targeted therapy. Recently, Lehmann and colleagues (3) reported that
TNBC could be classified into 7 subtypes (6 defined subtypes
and an unstable group) by gene expression microarray. The
7 TNBC subtypes were characterized on the basis of gene
ontologies and differential gene expression and labeled as
basal-like 1 (BL1), basal-like 2 (BL2), immunomodulatory
(IM), mesenchymal (M), mesenchymal stem-like (MSL),
luminal androgen receptor (LAR), and unstable (UNS).
In this study, we confirmed Lehmann and Bauer’s findings and applied their methodology to a population of
patients with TNBC. For each molecular subtype, we then
evaluated pCR rates after standard neoadjuvant chemotherapy regimens as well as clinical outcomes. Finally, we
compared the predictive performance of the 7 subtypes
with that of previously defined "intrinsic subtypes" whose
gene expression profiles are established through the 50-gene
prediction analysis of microarray (PAM50) assay (8) and
also evaluated the residual breast cancer burden (RCB)
index (9), a postchemotherapy pathologic measure that
considers the size and invasive proportion of the primary
tumor and the number and size of nodal metastases, and
has potential to predict the clinical outcome after neoadjuvant chemotherapy more accurately than the current pCR
versus non-pCR category.

Materials and Methods
Validation of Lehmann and Bauer’s gene expression
analysis
Datasets and normalization of data. Reproducing the
method of Lehmann and colleagues (3), we obtained 12
public datasets (DNA microarrays of 323 patients) from
their TNBC training set and all 7 public datasets (DNA
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microarrays of 201 patients) from their TNBC validation
set. The raw data for 63 of the 386 samples from their
training set were not included in our analysis. Datasets
GSE5364 and GSE22513 (56 of the 63 samples) were not
available to collect. The remaining 7 of the 63 samples were
not used because we could not confirm them as TNBC based
on Lehmann and colleagues data. In their study, triplenegative status was identified by using mRNA expression of
ER, PR, and HER2; they reported these data in Supplementary Tables. We identified TNBC status from these tables
according to their criteria.
All of the arrays used were a type of Affymetrix U133
array: U133A, U133 Plus 2.0, or U133AAofAv2. Lehmann
and colleagues used the robust multiarray average algorithm to normalize and quantify the data (10). The data
preprocessing and quantification were conducted using R
statistical software. We used this approach with two modifications. First, we used the frozen robust multiarray average (fRMA) algorithm, which allows arrays to be analyzed
individually or in small batches and then combines the data
for analysis, to normalize and quantify all of the datasets.
Second, considering the potential effect of platforms on the
gene expression profiles, we converted all of the other
platforms to HGU133A by using the "fRMA tools" R package. We later used linear mixed models to correct for any
remaining platform-specific differences.
k-means clustering. We followed the methods used by
Lehmann and colleagues to identify TNBC subtypes and
relative gene signatures. A total of 14,644 probes were
selected to represent unique genes. We conducted principal
component analysis to check for the existence of batch
effects. While batch effects were present, feature-by-feature
linear models were applied to remove them. Principal
component analysis results revealed an obvious batch
effect, which was reduced after the application of linear
models. We applied consensus clustering using 1,000 iterations of k-means clustering to assess the classification
robustness and to determine the optimal number of clusters. We conducted k-means clustering on the genes (n ¼
1,192) with SD > 0.8 and used silhouette width (s[i]) to
measure the relative closeness of individual samples to their
cluster centers. k-means clustering resulted in 6 stable clusters (s[i] > 0) with a total of 261 samples and 1 unstable
cluster (s[i] < 0) containing 62 samples. Our consensus
clustering results confirmed that it is reasonable to set
k to 7. We labeled these 7 clusters as subtypes 1 to 7. We
computed centroids for each cluster from the consensus
clustering and then determined the Pearson correlation of
each centroid with each sample in the validation set from
Lehmann and colleagues. The highest correlation (and
lowest P value) was used as the criterion with which to
determine the subtype that a specific sample belonged to
(detail in Supplementary Data).
Comparison of Lehmann and Bauer’s and our subtype
classification. We compared our clustering of the training
and validation samples with the clustering by Lehmann and
colleagues by using 7  7 contingency tables and c2 tests.
We also used Cohen’s k to assess the association between
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our classifications and those reported by Lehmann and
colleagues.
Application of the method to our population
Patients and samples. We next applied the Lehmann and
colleagues method to a separate population of patients with
TNBC. This group consisted of 146 patients treated for
TNBC at MD Anderson Cancer Center (Houston, TX). This
dataset derived from a prospective study by Hatzis and
colleagues (11), which was conducted from June 2000 to
March 2010 to develop genomic predictors for neoadjuvant
chemotherapy; 97 patients overlapped the group reported
by Hatzis and colleagues. We also added new samples that
were included in the cohort since the 2011 data were
released (n ¼ 49). Among the 146 patients, 132 patients
had received neoadjuvant chemotherapy containing
sequential taxane and anthracycline-based regimens and
had evaluable neoadjuvant pathologic response. We
excluded 2 of these patients because they had received
neoadjuvant radiotherapy. Thus, 130 patients were included in our study (Table 2). Patients had provided written
informed consent to participate in an institutional review
board–approved research protocol (LAB99-402, USO-02103, 2003-0321, and I-SPY-1) that allowed obtaining a
tumor biopsy sample by fine-needle aspiration or core
biopsy before any systemic therapy, for genomic studies to
develop and test predictors of treatment outcome (9).
We identified TNBC by immunohistochemistry (IHC) or
FISH testing. ER status and PR status were considered
negative if less than 10% of cells stained positively on IHC.
HER2 status was considered negative if (a) IHC results were
0 to þ1, (b) IHC results were þ2 and FISH results were
negative. To exclude samples falsely identified as negative by
IHC, we implemented a secondary filter that removed
samples in which ER expression (205225_at) was more
than the 75% at the transcriptome level, as it was previously
shown that more than 96% of TNBC samples from the
original 386-patient TNBC cohort had ER expression below
the 75% of all genes (12).
We collected the patient age, clinical stage, treatment
regimen, and nuclear grade. We defined pCR as no evidence
of invasive carcinoma in the breast and the axillary lymph
nodes at the time of surgery. The median follow-up from
diagnosis to death was 68.1 months (range 5.1–147.5).
All gene expression microarrays were profiled in the
Department of Pathology at MD Anderson Cancer Center.
Gene expression levels were derived by exposing the microarray to fluorescent probe sets (multiple oligonucleotide
probes that hybridize to specific sequences of gene transcripts; refs. 13, 14).
Gene expression analysis. We classified 146 TNBC samples as defined by Lehmann and Bauer’s gene signatures. As
for the public datasets, we conducted data preprocessing
and quantification in R and applied the fRMA algorithm.
Before classification, we applied gene-by-gene mean centering to our data.
Association of subtype with pCR status and clinical outcome. We constructed a contingency table and conducted
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the Fisher exact test to assess the association between TNBC
subtype and pCR status. To assess the independent use of
TNBC subtype for predicting pCR status, we fit a logistic
regression model to our data and used age, clinical stage,
treatment regimens, and nuclear grade as potential explanatory factors. In this context, using a likelihood ratio test, we
examined whether adding TNBC subtype provided a significant improvement in predictive value over a model
already containing the other 4 explanatory factors.
We used Cox proportional hazards models to estimate
the association between TNBC subtype and OS and distant
metastasis-free survival (DMFS). We identified OS and
DMFS from the diagnosis date to death or to diagnosis of
distant metastasis (15).
Relationship between the 7 subtypes and PAM50 subtypes. Hatzis and collegues (11) identified intrinsic subtypes in their study; thus, for 92 of our patients, we had data
on PAM50 subtypes (luminal A, luminal B, HER2-enriched,
basal-like, and normal-like; ref. 8). We investigated the
relationship between the PAM50 intrinsic subtypes (grouped as basal-like vs. nonbasal-like) and the 7 subtypes
identified by Lehmann and colleagues.
Relationship between the 7 subtypes and RCB index. We
also assessed the association between TNBC subtype and
the RCB index reported by Symmans and colleagues (9).
Primary tumor and nodal metastasis samples were evaluated for residual disease as previously described, and tumors
were classified as pCR, RCB-I (minimal residual disease),
RCB-II (moderate residual disease), or RCB-III (extensive
residual disease).

Results
Validation of Lehmann and Bauer’s TNBC classification
In our analysis, 7  7 contingency tables (Table 1)
indicated high correlation (P < 2.2  1016) between our
clustering and the original clustering. We also used Cohen’s
k coefficient to assess the association between our classifications and those reported by Lehmann and colleagues. For
the training set, the k value was 0.662 (n ¼ 277); for the
validation set, 0.462 (n ¼ 200). Using large-sample normal
approximations, the Kappa 2 function in the R package gave
approximate z values of 26.1 and 16.2, respectively; the
P values were essentially 0.
The contingency table for the training set (Table 1)
indicated that the BL1, M, IM, MSL, and LAR subtypes are
more stable than the BL2 and UNS subtypes. The contingency table for the validation set (Table 1) indicated that
subtypes IM, MSL, and LAR are more stable than the other
subtypes.
In summary, there was high correlation between the
results of the Lehmann and colleagues study and the results
we obtained by using approximately the same methods.
TNBC subtypes predict pCR status of patients treated
with neoadjuvant chemotherapy
Of the 130 patients with evaluable pathologic response
after neoadjuvant chemotherapy, 16 patients received an
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Table 1. The 7  7 contingency tables showing the clustering of samples in the training set and validation
set using two sets of gene signatures as determined by Lehmann and colleagues and by us
Lehmann and colleagues
MD Anderson Cancer Center

Training set

BL1

BL2

M

IM

MSL

LAR

UNS

P

BL1
BL2
M
IM
MSL
LAR
UNS

40
0
0
4
0
0
5

10
3
3
0
3
4
9

1
0
49
0
3
0
4

8
9
0
36
0
0
0

0
0
0
0
20
0
0

0
4
0
0
0
26
4

9
0
3
0
0
0
24

P < 2.2  1016

Lehmann and colleagues
MD Anderson Cancer Center

Validation set

BL1

BL1
BL2
M
IM
MSL
LAR
UNS

15
0
2
6
1
1
10

BL2

M

IM

MSL

LAR

UNS

P

0
2
2
3
8
1
7

0
0
21
0
4
0
18

4
5
0
30
2
0
2

0
0
2
0
22
0
1

0
2
1
0
0
15
0

1
2
1
2
4
0
3

P < 2.2  1016

anthracycline regimen alone, 3 patients received a taxane
regimen alone, and 111 patients received both anthracycline and taxane regimens. We classified patients into sub-

types as follows: BL1, 21 patients; BL2, 8 patients; M, 26
patients; IM, 27 patients; MSL, 13 patients; LAR, 20 patients;
and UNS, 15 patients. There was no statistically significant

Table 2. Patient characteristics by TNBC subtype (n ¼ 130)
BL1

BL2

M

IM

MSL

LAR

UNS

Characteristic

Category

n ¼ 21

n¼8

n ¼ 26

n ¼ 27

n ¼ 13

n ¼ 20

n ¼ 15

Age (yr)

>50
<50
I
IIA
IIB
IIIA
IIIB
IIIC
2
3
A
T
AþT
Yes
No
Yes
No
Yes
No
Dead
Alive

14
7
0
3
8
4
1
5
2
19
1
0
20
11
10
5
16
3
18
4
17

2
6
0
2
4
1
0
1
1
7
1
0
7
0
8
4
4
2
6
4
4

13
13
0
6
13
2
3
2
4
22
4
2
20
8
18
12
14
1
25
12
14

12
15
2
9
5
3
6
2
0
27
4
1
22
8
19
6
21
3
24
9
18

7
6
1
4
1
1
1
5
2
11
0
0
13
3
10
4
9
0
13
4
9

6
14
0
7
6
2
3
2
7
13
4
0
16
2
18
4
16
1
19
4
16

7
8
0
2
7
1
1
4
0
15
1
0
14
5
10
4
11
3
12
5
10

Clinical stage

Nuclear grade
Treatment regimen

Pcr
Distant recurrence
Local recurrence
Survival status

P
0.283

0.276
0.008

0.651
0.043
0.348
0.269
0.369

Abbreviations: A, anthracycline; T, taxane.
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Table 3. Distribution of pCR/non-pCR status by TNBC subtype

BL1
BL2
M
IM
MSL
LAR
UNS

pCR

Non-pCR

pCR rate

95% Conﬁdence
interval

11
0
8
8
3
2
5

10
8
18
19
10
18
10

0.52
0.00
0.31
0.30
0.23
0.10
0.33

0.31–0.73
0.00–0.00
0.13–0.48
0.12–0.46
0.001–0.45
0.03–0.23
0.09–0.57

P
P ¼ 0.043

NOTE: Likelihood ratio test: adjusting clinical features: age, clinical stage, nuclear grade, and treatment type. TNBC subtype was an
independent predictor of pCR status (P ¼ 0.022).

difference in treatment regimens between subtypes (P ¼
0.651).
The pCR rate for all patients was 28% (37/130). BL1 had
the highest pCR rate (52%) and BL2 and LAR had the
lowest pCR rates (0% and 10%, respectively). The Fisher
exact test indicated a significant association between TNBC
subtype and pCR status (P ¼ 0.04379; Table 3). TNBC
subtype was an independent predictor of pCR status (P ¼
0.022) by a likelihood ratio test (based on logistic regression models with and without TNBC subtype as the
variant).

Relationship between the 7 subtypes and PAM50
subtype
As PAM50 gene expression analysis has been incorporated into the clinic and shown to be strongly related to the
clinical outcome of breast cancer, we determined the relationship between these classification systems. Figure 2
shows the distribution of the 7 Lehmann and Bauer TNBC
subtypes between the PAM50 basal-like subtype and nonbasal-like subtypes (grouped). All tumors in the BL1 and
BL2 subtypes belonged to the basal-like PAM50 subtype and
most tumors in the LAR subtype belonged to the nonbasallike PAM50 group. In the nonbasal-like group, there were
only 3 TNBC subtypes, LAR, MSL, and M; the majority
(59%) of these tumors were the LAR subtype.

Clinical outcomes by subtype
We excluded 8 patients from the survival analysis
because of their history of other types of cancer. The Cox
models showed no significant association between TNBC
subtype and OS (P ¼ 0.287) or DMFS (P ¼ 0.371). The
Kaplan–Meier plots for each subtype with respect to OS
and DMFS are shown in Fig. 1A and B, respectively.
Owing to the limited sample size, the median survival
rates were not available for all TNBC subtypes. However,
despite its lower pCR rate, LAR had the best OS rate; M
had the worst.

0

1,000

P = 0.371
2,000

Days
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3,000

4,000

1.0
0.8
0.6
0.4

BL1
BL2
IM
LAR
M
MSL
UNS

0.2

Proportion of patients surviving

0.2

BL1
BL2
IM
LAR
M
MSL
UNS

0.0

0.4

0.6

0.8

1.0

B

0.0

Figure 1. A, DMFS by TNBC
subtype. B, OS by TNBC subtype.

Proportion of patients DMFS

A

Relationship between the 7 Subtypes and RCB index
Figure 3 shows the relationship between the 7 subtypes
and RCB index. Consistent with Symmans and colleagues
previous study, RCB index clearly predicted the clinical
outcomes in the TNBC population. There was no statistical
difference in OS rate between patients with pCR and those
with RCB-I status, and patients with RCB-III showed the
lowest OS rate. As seen in Fig. 3, combining the distribution

0

1,000

P = 0.287
2,000

3,000

4,000

Days
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A

B

Basal (N = 75)

Nonbasal (N = 17)

BL1
6%

BL2

17%

21%

1%
10%

M
8%

23%

LAR
35%

IM

59%

MSL

20%

LAR

Basal (n = 75)
16

BL2

6

M

15

IM

17

MSL

7

LAR

1

UNS

13

Nonbasal (n = 17)
M

1

MSL

6

LAR

10

of pCR and RCB-I revealed that current neoadjuvant chemotherapy has low efficacy for the BL2 subtype in
particular.

Discussion
This is the first report that the TNBC subtype can serve as
an independent predictor of pCR status in patients who
receive current standard chemotherapy regimens. We confirmed that TNBC is heterogeneous and can be classified
with high correlation into 7 subtypes, including 1 unstable
subtype, by Lehmann and Bauer’s algorithm. In our population, the subtypes better predicted pCR status than did
the PAM50 intrinsic subtypes. RCB index predicted prognosis more accurately.

Distribution (%)

100.0
80.0
RCB-III

60.0

RCB-II

40.0

RCB-I
pCR

20.0

UNS

LAR

MSL

IM

M

BL2

BL1

0.0

Figure 3. The relationship between RCB index and the 7 subtypes.
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M
Figure 2. A, the relationship
between PAM50 subtypes and the
7 subtypes (basal-like subtype). B,
the relationship between PAM50
subtypes and the 7 subtypes
(nonbasal-like subtypes).

UNS

BL1

MSL
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Although Lehmann and Bauer’s classification is not the
only strategy for defining molecular subtypes of TNBC, it
has had a strong impact because it classifies the entire TNBC
population into homogeneous subtypes and establishes 7
subtypes, and because subtype classification had a preclinical predictive effect on the outcome of therapy selected to
incorporate specific targeted treatments, such as an androgen receptor (AR) antagonist and a PI3K/mTOR inhibitor.
Our study has extended these findings by showing that the 7
subtypes predicted the rate of pCR to current standard
chemotherapy regimens. Gene expression analyses have
identified molecular subtypes of TNBC, such as the claudin-low subtype (16, 17) and basal-like subtype. However,
these subsets are still not well defined enough to enable
development of targeted therapy or prediction of pathologic
response.
It was interesting that while the BL1 subtype had the
highest chemosensitivity (pCR rate), as we hypothesized,
the BL2 subtype had the lowest pCR rate, contrary to our
hypothesis. These subtypes have similar biology, such as
high Ki-67 mRNA expression and enrichment of proliferation genes; however, BL2 has unique gene ontologies
involving growth factor signaling, such as the EGF, MET,
and IGF-IR pathways. The difference in gene ontologies
might explain the difference in pCR rates and could provide
a basis for individualized therapy. For example, BL2 tumors
could be targeted with EGFR or IGF1R inhibitors.
Tumors of the LAR subtype are heavily enriched in
hormonally regulated pathways. Consistent with LAR’s low
pCR rate, which was in accord with our hypothesis, the
luminal A and B intrinsic subtypes, which are hormonally
regulated tumors, showed less response to chemotherapy
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(6, 8). However, when we evaluated the RCB index, 33%
of patients belonged to the pCR and RCB-I categories.
This result might have affected the clinical outcomes. The
LAR group had delayed recurrences compared with the
other groups and did not have the lowest OS rate despite
having a low pCR rate. Also, 75% of distant metastasis in
the LAR subtype occurred more than 3 years after diagnosis. The LAR group showed a clearly different clinical
process from that of the other subtypes. These results
suggest that within TNBC, we need to distinguish the LAR
subtype and design a different treatment strategy for this
group.
For other groups, consistent with the current knowledge
about TNBC, most recurrences and deaths happened within
3 years of diagnosis. For these groups, to achieve pCR is the
most desirable result for improving prognosis; thus, we
need ways of predicting chemotherapy sensitivity, resistance, or both to guide selection of a treatment regimen
and these predictors also should be associated with DMFS
and OS. The 7 subtypes have the potential to solve these
problems. Further studies are needed to better characterize
them.
In a previous study of the PAM50 intrinsic subtypes (2),
the basal-like intrinsic subtype showed high chemosensitivity and the difference between the basal-like and nonbasal-like subtypes was reported to be the main biologic
difference seen among patients with TNBC (18). In our
study, all patients in the group with the highest pCR rate,
BL1, had tumors characterized as basal-like and all but 1 of
the patients in the LAR population, which had a low pCR
rate, had nonbasal-like tumors. Interestingly, although all
those with the BL1 and BL2 subtypes belonged to the basallike intrinsic subtype, BL1 had the highest pCR rate and BL2
the lowest. The 7 subtypes more accurately predicted pCR
status.
RCB index was significantly associated with OS rate. This
index has potential to predict clinical outcomes more accurately than pCR status after neoadjuvant chemotherapy.
Combining the distribution of pCR and RCB-I revealed that
current neoadjuvant chemotherapy has low efficacy for the
BL2 subtype in particular. We conclude that identifying the
BL2 population and developing specific treatments for this
group would improve the clinical outcome in patients with
TNBC as a whole.
Although we reproduced Lehmann and Bauer’s 7 subtypes and could apply their algorithm to new data, the
results did not match perfectly. Microarray-based molecular classification always involves this risk (19, 20). Even
for the well known intrinsic subtypes, several types of
gene signatures have been derived in each study and none
of the classification systems tested have produced perfect
agreement (8, 21–23). Although we had 130 patients and
there were a number of additional new samples that were
included in the cohort since the 2011 data were released,
once the patients were classified into 7 groups, we did not
have enough power to show clinical relevance. Furthermore, one of our most interesting groups, BL2, had the
smallest sample size. It is almost impossible to collect
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samples from consistently treated patients for whom
uniform, clear clinical information is also available. Thus,
prospective future studies are needed to establish the
clinical relevance of using gene profiling to divide patients by subtype. Furthermore, prospective validation by
methods such as reverse-phase protein array or IHC
staining is needed to measure whether the targets noted
in the 7 subtypes are truly overexpressed or are functionally activated at the protein expression level. The clinical
use of these TNBC subtypes will not reach its full potential until markers for each subtype can be validated on
reliable platforms, which can define the protein expression level or functionality of determine the specific targets
that drives the tumorigenicity and metastasis of each
subtype (IHC or NanoString Assay).
In summary, our results suggest that we especially need to
distinguish the BL2 and LAR subtypes to apply specific
treatment strategies for them. These 2 subtypes showed the
lowest pCR rates; however, appropriate treatment strategies
might be quite different for these 2 subtypes. For the BL2
subtype, we need to develop a novel-targeted therapy in the
neoadjuvant setting to achieve a higher pCR rate. In addition, we need to distinguish the LAR subtype from other
TNBCs and apply a new treatment strategy similar to that for
the luminal intrinsic subtype, such as targeting the AR
pathway as a long-term adjuvant treatment. Prospective
validation of our findings is needed. We conclude that the
7 subtypes may lead to innovative personalized medicine
clinical trials for patients with TNBC.

Information of Microarray Data
Data sets for this study have been deposited into the
GEO database (http://www.ncbi.nlm.nih.gov/geo/) under
accession identification numbers GSE25066, GSE25055,
GSE25065, GSE43502, and GSE31519.
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