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Abstract Breast cancer is a complex disease, whose
heterogeneity is increasingly recognized. Despite consider-
able improvement in breast cancer treatment and survival, a
significant proportion of patients seems to be over- or
undertreated. To date, single clinicopathological parameters
show limited success in predicting the likelihood of
survival or response to endocrine therapy and chemother-
apy. Consequently, new gene expression based prognostic
and predictive tests are emerging that promise an improve-
ment in predicting survival and therapy response. Initial
evidence has emerged that this leads to allocation of fewer
patients into high-risk groups allowing a reduction of
chemotherapy treatment. Moreover, pattern-based
approaches have also been developed to predict response
to endocrine therapy or particular chemotherapy regimens.
Irrespective of current pitfalls such as lack of validation and
standardization, these pattern-based biomarkers will prove
useful for clinical decision making in the near future,
especially if more patients get access to this form of
personalized medicine.

Keywords Gene expression profile . Microarray . Breast
cancer . Prediction . Prognosis . Pattern-based biomarkers

Introduction

Breast cancer is the most common cancer of women in the
western world. The overall death rate has been significantly
reduced in the last decades, but depending on subtype and
stage, still a significant portion of patients will suffer from
relapse or even die of the disease [1, 2]. While up to 70% of
patients with breast cancer can be cured nowadays, a
significant proportion of these patients is overtreated. It
remains a challenge to identify those patients who will
indeed profit from current treatment strategies and also to
develop innovative concepts for patients currently at high-
risk for relapse after treatment. For this reason, the
identification of reliable prognostic biomarkers together with
the development of clinically efficient therapies is urgently
needed [3]. Today, the prognostic clustering of breast cancer
in daily routine relies on the determination of a limited set of
molecular markers (e.g. estrogen receptor (ER), progesterone
receptor (PR) and epidermal-growth-factor receptor 2
(HER2, also referred to as Her2/neu, ErbB-2)) mostly by
semi-quantitative assays e.g. by immunohistochemistry
(Fig. 1). Clearly, some of these markers are first examples
of personalized medicine and targeted treatment since for
instance only the determination of ER-expression by
immunohistochemistry allows for a directed anti-hormonal
therapy with receptor blockade or inhibition, or both. [4].
Moreover HER2-overexpression has paved the way for anti-
HER2 treatment with the humanized monoclonal antibody
trastuzumab [5–7] or the small-molecule inhibitor of the
tyrosine kinase domains of HER1 and HER2, lapatinib [8–
10]. The best HER2-targeted treatment option together with
chemotherapy in patients with metastasized but operable
breast cancer is currently assessed in clinical trials [11].

In addition to tissue based markers that have prognostic
and predictive value, blood-based proteomic tests for early
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detection of breast cancer are emerging. Consequently, non-
invasive diagnostic approaches based on pathology-specific
molecular-patterns in blood might identify breast cancer in
an earlier phase of their disease [12–14] and might be used
to easily monitor therapy responses [15].

Nonetheless, breast cancer is clinically heterogeneous
with varying response to treatment, even when taking into
account the above mentioned therapeutic targets. The
established methods that are suited to study one gene at a
time do not seem to have the power to cover this clinical
heterogeneity, which is likely to be due to a complex set of
multiple somatic mutations, epigenetic changes and ge-
nomic rearrangements [16, 17]. To overcome the limitation
of single gene or protein biomarkers, the implementation of
DNA microarray technology nearly a decade ago has
enabled the quantitative measurement of complex gene
expression-patterns (“gene expression profiling”) in breast
and other cancers and has paved the way to new pattern-
based biomarker strategies.

DNA array technology has been successfully used to
identify subtypes in breast cancer based on their specific
gene expression patterns [18]. In general, a molecular
taxonomy that allocates breast cancer samples into at least
five subtypes, termed basal-like, ErbB2, luminal A, luminal
B and normal like breast cancer, has been reproduced by
several independent groups and is generally accepted as
gene-signature based molecular classification [19–22].
Interestingly, these molecular patterns seem to be remark-

ably stable between primary tumor and distant metastases
[23].

Prognostic gene profiles

The identification of pattern-based biomarkers for progno-
sis is a major field of current clinical research in many
cancer types including breast cancer. Today, the majority of
patients with early breast cancer will receive adjuvant
chemotherapy. Only a minority are likely to benefit from
such therapy, but all of them will be affected by its toxicity
[24]. Consequently, the identification of prognostic markers
identifying the subset of patients eligible for a “watchful
waiting” procedure and/ or adjuvant anti-hormonal/ anti-
HER2 therapy could help to minimize therapy-induced side
effects. Consecutively, expression-based outcome predic-
tion by use of prognostic signatures has been explored in a
variety of studies.

The first breast cancer prognostic signature to be
described has been a 70-gene signature by van ‘t Veer et
al. [25]. It was developed based on the analysis of 78 young
(<55 years) patients with sporadic lymph-node-negative
stage I or II breast cancer that were followed up for the
development of distant metastasis during 5 years after
diagnosis. The retrospective allocation to the ‘good’—
metastasis free—prognosis group or ‘poor’ prognosis group
developing metastasis solely relied on the 70-gene signature

intermediate prognosis Appropriate chemotherapy
+/- antihormonal therapy

poor prognosis Appropriate chemotherapy
+/- antihormonal therapy

good prognosis Appropriate therapy,
e.g. antihormonal therapy

HER2 status

ER status

Grading

Adjuvant! Online
- age
- tumor size
- lymph-node status
- grading
- HER2-status
- hormone receptor status

St. Gallen consensus
- tumor  2 cm
- ER negative
- grade 2–3
- age <35 years

NIH consensus
- tumor  1 cm
- ER negative
- grade 2–3
- age <35 years

PR status

HER2-FISH

Clinicopathologic staging

Fig. 1 Current clinocopathologic decision making. Patients are
currently allocated into clinical risk groups by several mechanisms.
Clinical parameters such as tumor size, lymph-node status and age as
well as pathologic parameters such as histologic grading, hormone
receptor status and HER2-status are main factors for risk assignment in
breast cancer therapy. This risk assignment results in allocation into a
low risk group that may be properly treated with hormonal therapy

only or other treatments and a high risk group mainly treated with
chemotherapy if no patient specific contradictions apply (e.g. waiving
of anthracycline-based chemotherapy in patients with existing heart
failure). The intermediate risk group due to uncertain outcome is
mainly treated with chemotherapy the best choice of therapy currently
under intense clinical studies
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and was irrespective of ER, PR or HER2neu expression,
well defined markers analyzed routinely in newly diag-
nosed breast cancers. To validate the 70-gene signature in
an independent validation cohort, the authors studied a
validation cohort of 295 consecutive patients with lymph-
node-negative and lymph-node-positive breast cancer
(including 61 of the 78 patients with lymph-node-negative
disease who were involved in the previous study) [26]. In
this cohort, the 70 gene prognosis profile was a strong
predictor of the development of distant metastasis in
patients with both lymph-node-negative as well as lymph-
node-positive disease. Interestingly, patients with lymph-
node-negative disease and those with lymph-node-positive
disease were evenly distributed in the ‘good’ and the ‘poor’
prognosis group, indicating that the 70-gene prognosis
profile might be independent of lymph-node status [26].
The authors then compared the probability that patients
classified according to either the 70-gene expression
profile, to St. Gallen criteria [27], or to the National
Institutes of Health (NIH) consensus criteria [28] would
remain free of distant metastasis. They showed that the 70-
gene prognosis-profile assigns more patients with lymph-
node-negative disease to a low-risk (‘good’ prognosis
signature) group and that these low-risk patients had a
higher likelihood of metastasis free survival than those
classified according to the traditional methods [26]. A
tendency towards a higher rate of distant metastasis was
observed for the ‘poor’ prognosis signature group as
compared to high-risk patients identified by St. Gallen or
NIH criteria.

In an independent validation study conducted by the
TRANSBIG consortium, the clinical utility of the 70 gene
signature was further assessed in 302 patients with early-
stage ER- negative and ER-positive breast cancer [29]. The
70-gene prognosis signature was a statistically significant
prognostic factor for time to distant metastasis (the outcome
the signature had been developed on) and overall survival.
90% of women in the ‘good’ prognosis group and 71%
within the ‘poor’ prognosis group remained free from
distant metastasis at 10 years of follow up, respectively. A
second validation study confirmed the data showing that at
5 years, the probability of remaining free of distant
metastasis was 98% for the ‘good’ and 78% for the ‘poor’
prognosis signature patients in an independent set of 123
patients [30]. As lymph-node status is one of the most
important prognostic factors in breast cancer, a study on
241 patients extended the 70-gene signature prognostic
value from lymph-node negative to lymph-node positive
breast cancer. Patients with 1–3 positive axillary lymph
nodes have a 10- year distant metastasis-free survival of
91% and 76% in the ‘good’ and the ‘poor’ prognosis group,
respectively [31]. The 70-gene signature classified 41% of
patients among lymph-node positive patients into a low-risk

group for metastasis. With common clinicopathological
parameters these patients would have been scored as high-
risk patients for recurrence and it is this group of patients
that might greatly benefit from reducing chemotherapy
[31]. As there might be a difference in gene expression
between premenopausal and postmenopausal women [32],
two studies investigated the prognostic value of the 70-gene
signature in postmenopausal women providing evidence
that the 70-gene prognosis signature is also well suited to
predict metastasis at 5 years in the postmenopausal woman
aged 55 to 70 years [33]. In this patient group, individuals
belonging to the ‘good’ prognosis group had a 93% and
99%, compared to a 72% and 80% 5-year distant
metastasis-free and breast-cancer specific survival, respec-
tively [33]. As in the preceding studies, in older patients the
70-gene profile illustrates a high power in respect to its
negative predicting value, further validated in an indepen-
dent study of 100 older lymph-node negative patients [34].
It is important to mention that distant metastasis after
5 years is also significantly less accurately predicted by the
signature in older patient cohorts [33]. This is important to
know when interpreting the data, as 25% of all metastases
occur more than 5 years after initial diagnosis, and the
percentage might be higher in the subset of patients with
ER-positive breast cancer, the subtype mostly found in older
patient [35]. To facilitate the use of the 70-gene prognosis
profiler as diagnostic test, the 70-gene profile was translat-
ed into a customized microarray with only 1,600 instead of
25,000 probes, merchandised as MammaPrint® (Agendia,
Huntington Beach, CA), which has been cleared by the
Food and Drug Administration (FDA) in 2007 [36].
Statistical analysis has shown that the 70-gene signature
not only correlates with established factors of prognosis
like age, grading and ER-status, but outperforms the well-
established prognostic algorithms such as the St. Gallen
criteria [26, 29, 30, 37]. The 70-gene-profile reliably
identifies high-risk patients that require chemotherapy.
Even more important, the 70-gene-profile identifies patients
with low risk of recurrence, who could spare chemotherapy.
Patients that belong to a low-risk-group according to the
70-gene signature shared a better recurrence free survival
than patients, who were classified according to St. Gallen-
criteria or NIH-criteria. It is important to mention that this
signature mainly discriminates high-risk and low-risk
situations in patients with ER-positive disease. In patients
with ER-negative disease, the predictive power is limited.
All these studies have been done retrospectively and
additionally, the differences in risk of metastasis between
the clinicopathological guidelines and the prognosis signature
have been tremendous with up to 39% different allocation in
both directions [38]. Consequently, in 2007 the TRANSBIG
Research Consortium initiated a large prospective, multicen-
ter, controlled randomized MINDACT (Microarray in Node
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negative Disease may Avoid ChemoTherapy) trial (Fig. 2)
[39]. In this study 6000 nodal-negative patients are included
and the recurrence risk is calculated on the basis of either the
70-gene prognosis score signature or six classical factors of
prognosis (age, size, lymph-node-status, grading, HER2-
status, hormone receptor status). If both tests allocate the
patient to a high-risk group, patients are randomized into an
anthracyclin-based chemotherapy or a Docetaxel/ Gemcita-
bine chemotherapy, whereas if both tests allocate the patient
to a low-risk group, no further chemotherapy is recommen-
ded. In both arm, patients whose tumors show ER-
expression are randomized to either letrozol or tamoxifen
followed by letrozol. It is expected that for 1/3 of the
patients, the tests show different results with a low-risk
genomic profile and a high-risk classical profile are vice
versa. In these cases the primary objective of the
MINDACT trial is to confirm that patients with a “good”
molecular prognosis score but “high-risk” clinical prog-
nosis score be safely spared chemotherapy without
affecting distant-metastasis free survival. In a first
treatment decision randomization patients are therefore
randomized in either chemotherapy or no chemotherapy.
Patients assigned to chemotherapy are randomized into
an anthracyclin-based chemotherapy or Docetaxel/ Gem-
citabine and patients whose tumors show ER-expression
undergo a third randomization into either letrozol or
tamoxifen followed by letrozol treatment.

Another pattern-based biomarker assay using the expres-
sion levels of 21 genes assessed by RT-PCR from paraffin-
embedded tumor tissue is the Oncotype DX assay
(Genomic Health, Redwood City, CA) [40]. Two studies
were conducted to evaluate the Oncotype DX 21-gene
assay in terms of predicting recurrence-free survival in
lymph-node negative breast cancer without adjuvant the-
rapy. In 149 hormonal and chemotherapy naive patients no
clear association between the RT-PCR based recurrence
score (RS) and distant recurrence was found (18%, 38%
and 28% rates of distant recurrence at 10 years in the low,
intermediate- and high-risk group, respectively) [41]. A
case-control-study including 790 lymph-node negative
breast cancer patients not treated with adjuvant chemother-
apy, however, showed a significant association between RS
and breast cancer death with a risk of 6.2%, 17.8% and
19.9% for breast cancer death in the low-, intermediate- and
high-risk in the ER-positive patient group [42]. The
advantage of the Oncotype DX tests is the expression
analysis with RT-PCR on formalin-fixed tissue which does
not rely on fresh frozen tumor samples.

In a complementary analysis to the 70-gene prognosis
score, the Rotterdam 76-gene signature was obtained
analyzing 286 patients with lymph-node-negative disease
who had not received adjuvant systemic treatment [43].
Using this 76-gene signature, 93% of women with a good

prognosis signature will survive without distant-metastasis
after 60 months and 88% after 80 months, respectively. In
two subsequent studies, these results were validated. In
the first study on 180 stage I-II breast cancer patients,
patients with a good prognosis score showed 5- and 10-
year distant metastasis-free survival of 96% and 94%, and
those with a poor prognosis group 74% and 65%,
respectively [44]. The positive prediction value (PPV) and
negative prediction value (NPV) were 38% and 94%,
respectively. The second study with 198 patients showed
5- and 10-year distant metastasis-free survival of 98% and
94%, and those with a poor prognosis group 76% and 73%,
respectively [45].

As none of the aforementioned studies has concentrated
on the group of patients overexpressing HER2, two groups
delineated the heterogeneity of HER2 positive breast
cancer. The HER gene is amplified or overexpressed in
15–20% of patients and these patients are mostly classified
in the high-risk group by both the 70-gene signature and the
21-gene recurrence score [46, 47]. Using principle compo-
nent analysis (PCA), Alexe et al. identified 105
lymphocyte-associated genes in two core subgroups
denoted HER2+I and HER2+NI in HER2-overexpressing
node-negative patients [48]. Patients with a HER2+I
signature showed a moderate to marked lymphocyte
infiltrate with a recurrence rate of 11%, whereas patients
with a HER2+NI signature showed only minimal lympho-
cytic infiltrate and a recurrence rate of 58%. In this study,
immune cell infiltration was associated with lower recur-
rence rate which might suggest that in these cases the tumor
is more effectively recognized and eliminated by the
immune system than in cases with low immune cell
infiltration.

In 58 HER2-amplified trastuzumab untreated tumors,
Staaf and collegues established a 158-gene HER2-derived
prognostic predictor (HDPP) that classifies HER2-
overexpressing tumors in a ‘good’ and a ‘poor’ prognosis
group in both overall and distant-metastasis-free survival
[47]. In multivariate analysis, the HDPP signature was
associated with an improved stratification into worse
overall survival and distant-metastasis free survival and, if
compared to the HER2 prognostic predictor developed by
Alexe et al., showed a similar categorization of HER2-
overexpressing tumors into a ‘good’ and a ‘poor’ prognosis
group with the exception of one patient. Importantly, the
prognostic profile performs superior on the group of HER2-
overexpressing tumors than MammaPrint® or the Oncotype
DX test, but is not prognostic in luminal A, luminal B or
normal-like-tumors. Although this data was promising, the
predictive power of the HDPP signature in trastuzumab
treatment, the standard care today for patients with HER2-
overexpressing breast cancer, was only investigated in a
small set of 22 patients treated neoadjuvantly with
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Fig. 2 Overview of the MINDACT Trial. The MINDACT trial
compares the 70-gene expression signature with the common
clinical-pathological prognostic tool Adjuvant! Online in selecting
patients for adjuvant chemotherapy in LN-negative but both ER-
positive and ER-negative breast cancer. Patients with both a low-risk
profile in Adjuvant! Online and the 70-expression profile are not
treated with chemotherapy. If their tumors show ER-expression,
patients are randomized to either letrozol or tamoxifen followed by
letrozol. Patients with both high-risk profiles in Adjuvant! Online and
the 70-expression profile are randomized into an anthracyclin-based
chemotherapy or a Docetaxel/ Gemcitabine chemotherapy. Again, if

their tumors show ER-expression, patients undergo a second random-
ization into either letrozol or tamoxifen followed by letrozol. The
primary study population, patients with either a high-risk profile in the
Adjuvant! Online tool but low-risk 70-expression profile or vice versa
can be randomized into different treatment arms. In a first treatment
decision randomization, the patients are randomized in either chemo-
therapy or no chemotherapy. Patients assigned to chemotherapy are
randomized into an anthracyclin-based chemotherapy or Docetaxel/
Gemcitabine and patients whose tumors show ER-expression undergo
a third randomization into either letrozol or tamoxifen followed by
letrozol treatment
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trastuzumab and vinorelbine, to small to small to draw
definitive conclusion.

In 2003, Huang et al developed a gene expression profile
that classified breast tumors by their likelihood of having
concomitant lymph-node metastasis at the time of diagnosis
and their 3-year recurrence risk. Interestingly, a comparison
of this gene set, which predicts the development of local
metastasis to the regional lymph-nodes, to gene sets that
predict development of distant metastasis show different
genetic fingerprints suggesting local and distant metastasis
to display different molecular programs [26, 49].

Alternative approaches to gene expression classifiers
based on outcome emerged that base on the assumed
underlying biological mechanisms (“hypothesis-driven” or
“bottom-up” approach) instead of outcome-related signa-
tures (“top-down approach”). The “Wound response gene
expression signature” was additionally applied to the gene
expression data from the 295 breast cancer patients initially
used to establish the 70-gene prognostic profile [50]. A set
of “core serum response” genes was used that had been
previously identified in vitro in fibroblasts activated with
serum and comprised processes in wound healing such as
matrix remodeling and angiogenesis [51]. With a threshold
set to identify 90% of patients with subsequent metastasis,
patients were either stratified in a high-risk group with
“activated” or in a low-risk group with “quiescent” wound
response signature, respectively. As does the 70-gene
prognosis signature, the wound response signature provides
independent prognostic information in multivariate
analysis. In a set of lymph-node negative (51%) and
lymph-node positive (49%) breast cancer patients, distant-
metastasis-free survival at 10 years was 51% in the
“activated” wound-response signature group, 75% in the
“quiescent” wound-response signature negative group, and
overall survival was 50% and 84%, respectively, indicating
the wound-response signature to be a powerful prognostic
marker. Comparison to the traditional clinical NIH and St.
Gallen consensus criteria revealed that the wound-response
signature would add information for patients that have been
stratified as high-risk by NIH or St. Gallen criteria, since
this test would have spared 30% (with high-risk NIH and
St. Gallen criteria but quiescent wound response signature)
from chemotherapy that otherwise are assigned to chemo-
therapy [50]. When comparing the wound response
signature to the 70-gene signature, the statistically defined
70-gene signature outperformed the biological derived
wound-response signature in terms of sensitivity (85.2%
and 59.1%, respectively), but not specificity (49.3% and
64.3%). It is not surprising that the 70-gene signature
outperforms the biological derived signature, as other
factors intrinsic to the tumor and not reflected by a wound
response gene signature are more likely been represented
by a statistically defined than by an hypothesis-driven gene

signature. In an alternative approach than to compare the
wound-response signature to the 70-gene signature, both the
70-gene and the wound response signatures were incorporated
into a common decision tree to optimize risk stratification.
ER-receptor positive lymph-node positive patients were
primarily stratified using the 70-gene prognosis signature into
‘good’ and ‘poor’ prognosis groups. The good prognosis
group (38% of patients), henceforward termed “very good
prognosis group”, had a distant-metastasis-free survival of
89% at 10 years. The poor-prognosis group can be
subsequently divided into a quiescent-wound-response subset
(22% of patients) with a distant-metastasis-free survival of
78% and an activated-wound-response subset (40% of
patients) with a distant-metastasis-free survival of 47% at
10 years, respectively [50].

To better discriminate breast cancer samples that are
classified as histologic grade 2, which is barely informative
for clinical decision making, a 97-gene expression signature
was developed that, when applied to histologic grade 2
breast cancer samples, allocates the tumor into two
prognostic different subgroups namely ‘genomic grade 1’
and ‘genomic grade 3’ cancer [52]. As genomic grade
represents a prognostic factor with regard to cancer
aggressiveness, the 97-gene expression signature was found
to yield similar results in terms of predicting distant free
survival compared to the 70-gene classifier/signature.

A biologic hypothesis driven assay investigated the role
of breast cancer stem cell associated genes. By comparing
the gene expression profile of putative CD44+CD24− breast
cancer stem cells with normal breast epithelial cells, a gene
expression profile of 186 genes were found to be associated
with breast cancer stem cells [53]. This “invasiveness gene
signature” (IGS) stratifies high-risk lymph-node negative
early breast cancer into a ‘good’ and a ‘poor’ prognosis
group of patients with a 10-year rate of metastasis-free
survival of 81% and 57%, respectively.

Taken together, the new set of gene expression based
profilers to predict prognosis show an exciting high prognos-
tic power. Although they show different power among each
other to predict prognosis of untreated patients, they are of
equal value or even outcompete traditional decision criteria
like Adjuvant! Online, the St. Gallen consensus or the NIH
consensus criteria. With these new prognostic markers, in the
near future stratification of patients into risk groups according
to the gene expression profile of their tumors might be
feasible (Fig. 3). The former high number of patients with
intermediate-risk tumors might be allocated to either the gene
expression profile high-risk group or the gene expression
profile low-risk group. Patients in the gene expression profile
high-risk group might undergo chemotherapy and hormonal
therapy if ER-receptor positive. Patients in the gene
expression profile low-risk group might be objected to
hormonal therapy, minimizing unnecessary chemotherapy.
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Prognosis using pattern-based biomarkers might therefore
spare many patients with a low risk of recurrence chemo-
therapy that they otherwise would have assigned to
chemotherapy (Fig. 4).

Prediction—response to endocrine therapy

In addition to questions concerning prognosis several
attempts have been undertaken to develop predictive
pattern-based biomarkers for patients with breast cancer.
A large proportion of breast cancers show estrogen
dependent growth. Already a long time ago oophorectomy
has been shown to cause regression of breast cancer and
today, estrogen deprivation remains a key therapeutic
approach to treat breast cancer with ER-expression [54].
Standard adjuvant endocrine therapy has long consisted of a
treatment with tamoxifen for 5 years, which improved both
disease-free as well as overall survival. However, the
likelihood for patients with ER-positive breast cancer to
develop distant metastasis after surgery and adjuvant
tamoxifen alone is still 15% after 10 years [55]. Conse-
quently, the majority of patients would be overtreated if
chemotherapy would be administered to everyone. Today,
absolute levels of ER and PR expression as positive and
HER2 and EGFR as negative predictors remain the best
predictors of tamoxifen response [56, 57]. Antiestrogen
therapy, when compared to chemotherapy, is well tolerated
and only associated with minor toxicities [58]. However,
failure to respond or to develop early resistance to
tamoxifen is seen in approximately 25% of ER+/PR+,
66% of ER+/PR− and 55% of ER− /PR+ breast tumors
[58]. Particularly in these patients the use of alternative
endocrine therapies or chemotherapy is indicated. However,
to reduce treatment-associated side-effects and increase
therapy efficacy, prediction of tamoxifen treatment response
particularly in ER-positive early stage breast cancer would
be required. Addressing this important clinical question,
several groups have started to develop gene expression
profiles to predict tamoxifen treatment outcome.

Paik and colleagues selected a candidate-gene approach
to develop a gene expression signature that predicts the
likelihood of distant recurrence in patients with lymph-

poor prognosis

Chemotherapy
+/- antihormonal therapy

good prognosis

no therapy/
antihormonal therapy

Gene
expression

profiling

HER2 statusER status PR status HER2-FISH

+

�Fig. 3 Gene expression based prognostic profiling. Among all
patients with breast cancer, patients with a “good prognosis” and a
“poor prognosis” gene expression profile are identified and are
allocated into risk groups according to the gene expression profile of
their tumors. Immunohistochemistry might either still be needed to
allocate patients to antihormonal and anti-HER2 treatment or might be
replaced by gene expression based profiles of ER- expression, HER2-
overexpression and other target profiles. In this setting, the former
intermediate risk group is allocated to either the gene expression
profile high-risk or the gene expression profile low-risk group and
unnecessary chemotherapy is minimized
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node-negative, ER-positive breast cancer that had been
treated with tamoxifen [40]. This assay, later established as
Oncotype DX (Genomic Health, Redwood City, CA),
combines a panel of 21 genes, which had been selected
from preliminary studies. The expression of 16 genes
grouped on the basis of function and normalized to the
expression of five reference genes builds a quantitative
continuous recurrence score (RS) and this score estimates
the probability of recurrence after 10 years. By grouping
patients according to the rate of distant metastasis, low-risk
(less than 18) and high-risk (31 or higher) groups were
generated on the basis of data from the NSABP B-14 trial.
In this trial, 6.8% of patients in the low-risk group and
30.5% of patients in the high-risk group developed distant
metastasis at 10 years after diagnosis, respectively. The
probability for recurrence in the high-risk group is therefore
in the range observed for lymph-node-positive breast
cancer. In several studies, the risk for patients with low
recurrence score and node-negative breast cancer treated
with tamoxifen is below 10% at 10 years [59]. One of these
studies showed that patients with a high recurrence score
might benefit from adjuvant CMF chemotherapy (cyclo-
phosphamide, methotrexate, and fluorouracil) [59]. Since
the clinical trials leading to inclusion of the RS into the
decision tree for therapy by the American Society of
Clinical Oncology (ASCO) included only patients with
node-negative breast cancer, the predictive value of the 21-
gene RS was extended to postmenopausal node-positive
breast cancer in the Southwest Oncology Group (SWOG)-
8814, INT-0100 trial [60]. In this trial, the RS was highly
prognostic for disease-free survival within the tamoxifen
group. The 10-year disease-free survival were 60%, 49%,
and 43% for the low, intermediate, and high-risk groups,
respectively, with an overall hazard ratio of 2.64 (95% CI
1.33–5.27; p=0.006) for a 50-point difference in the
continuous RS. The hazard ratio for a 50-point difference

was 5.55 (95% CI 2.32–3.28; p=0.0002) in the first 5 years.
Interestingly, the RS was not prognostic any more beyond
the first 5 years. However, the RS showed prognostic value
for overall survival at 10 years for patients treated with
tamoxifen alone. The 10-year overall survival were 77%,
68%, and 51% for the low, intermediate, and high-risk
groups, respectively, with an overall hazard ratio of 4.42
(95% CI 1.96–9.97; p=0.0006) for a 50-point difference in
the continuous RS. In this study, the RS also showed value
in predicting the efficacy of the more currently used
anthracycline-based chemotherapy regimen CAF (cyclo-
phosphamide, doxorubicin, and fluorouracil) in patients
with node-positive ER-positive breast cancer, as patients
with a high recurrence score (≥31) showed a benefit from
adjuvant chemotherapy (HR 0.59, 95% CI 0.35–1.01; p=
0.033) in the first 5 years, although there was no additional
prediction beyond 5 years [61]. No benefit was observed
for patients with a RS of less than 18 (HR 1.02, 95% CI
0.54–1.93; p=0.97) or with a RS between 18 and 30 (HR
0.72, 0.39–1.31; p=0.48). The 10-year disease-free survival
for patients with a low RS were 64% in the CAF-T group
and 60% in the tamoxifen-alone group, and for patients
with a high recurrence score, 55% and 43%, respectively.

Since aromatase inhibitors have been established in
clinical practice for treatment of ER-positive breast cancer,
the performance of the RS for distant recurrence in
postmenopausal women with localized N0 and node-
positive breast cancer was evaluated in the TransATAC
study (The Arimidex, Tamoxifen, Alone or in Combina-
tion) [62]. For patients with lymph-node negative ER-
positive breast cancer, the rates of distant recurrence at
9 years were 4% (95% CI, 3%–7%), 12% (95% CI, 8%–
18%), and 25% (95% CI, 17%–34%). For patients with
lymph-node positive ER-positive breast cancer, the rates of
distant recurrence at 9 years were 17% (95% CI, 12%–
24%), 28% (95% CI, 20%–39%), and 49% (95% CI, 35%–

Expression
profiling

Gene expression profile A Chemotherapy A

Chemotherapy B

Chemotherapy C

Gene expression profile B

Gene expression profile C

Fig. 4 Predictive gene expression based assignment to chemotherapy.
Patients which harbor a high-risk gene expression profile according to
Fig. 3 and which can undergo chemotherapy according to clinical risk
management (e.g. age, comorbidities, ECOG status) might be further

stratified. By extraction of gene expression profilers predictive for
specific chemotherapies, patients are allocated to the treatment they
profit most of
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64%) [62]. In summary, the 21-gene recurrence score adds
important information to the traditional pathological
approaches, but some problems remain. The Oncotype
DX assay is, although prognostic and predictive before
5 years, not prognostic and predictive after 5 years.
Furthermore, the test is expensive and there is still no data
on the predictive value of the assay on modern taxane-
based chemotherapy [63]. Nonetheless, the 21-gene RS is
already in daily clinical use and supports changes in
treatment decisions by both medical oncologists but also
patients themselves [64].

Several other biomarkers are currently in development,
often in an attempt to reduce the number of data points to
be assessed thereby potentially also reducing costs. Along
these lines, Ma et al. developed a two-gene expression ratio
from 60 laser-capture microdissected breast cancer tissue
[57]. This assay predicts response to tamoxifen by the ratio
of HOXB13:IL17BR with both high HOXB13 (homeo
domain-containing protein) and low IL17BR (interleukin
17 receptor beta) expression correlating with distant
metastasis-free survival. For untreated patients with ER-
positive, node-negative breast cancer, a HOXB13:IL17BR
ratio of −2.0 results in an estimated risk of 15%, a
HOXB13:IL17BR ratio of +2.0 in an estimated risk of
36% to develop recurrence at 5 years [65] and the cutoff
point is set at 1.00 [66]. For the group of tamoxifen treated
patients, a cut-point value of 0.06 for the HOXB13:IL17BR
ratio is applied with this cutoff point having only predictive
value for the treated ER-positive node-negative subgroup
but not for the treated ER-positive node-positive subgroup
[65, 67]. These results were supported by a large study on
1252 ER-positive primary breast tumors. The HOXB13:
IL17BR ratio was found to be prognostic in lymph-node-
negative untreated patients as had been reported in the
initial study. The HOXB13:IL17BR expression ratio was
assessed in tamoxifen-treated patients and showed signifi-
cant association for progression free as well as post-relapse
survival. Furthermore, in this study the HOXB13:IL17BR
expression ratio showed a statistically significant associa-
tion with disease outcome also in the group of lymph-node
positive untreated patients [66], which, unfortunately, could
not be validated in independent studies [67, 68].

To further delineate the role of the HOXB13:IL17BR
expression ratio in the response towards tamoxifen therapy,
the analysis of polymorphisms in the CYP2D6 gene
encoding the enzyme that processes tamoxifen to its active
metabolites endoxifen and 4-OH tamoxifen was combined
with the HOXB13:IL17BR ratio into a CYP2D6:HOXB13/
IL17BR risk factor. In ER-positive lymph-node negative
breast cancer patients, women with 2 CYP2D6:HOXB13/
IL17BR risk factors (decreased CYP2D6 metabolism and
HOXB13/IL17BR high) had the shortest disease-free
survival compared to those women with only one risk

factor or women with no CYP2D6:HOXB13/IL17BR risk
factor at all (extensive CYP2D6 metabolizer and HOXB13/
IL17BR low) [69]. As a stepwise increase of recurrence and
death is observed in patients treated with tamoxifen if one
or more CYP2D6:HOXB13/IL17BR risk factors are exis-
tent, the HOXB13:IL17BR ratio together with the CYP2D6
status might be used to allocate patients to endocrine
therapy with or without concomitant chemotherapy.

Prediction—response to cytotoxic therapy

Current approaches to determine the most effective thera-
peutic strategy for each individual patient are still limited
[24, 70]. Over the last decade, therapy for cancer has
gradually changed from applying unspecific cytotoxic
treatment to a more target-oriented treatment that relies on
specific biomarkers [70].

Attempts to predict treatment outcome according to
different treatment options in breast cancer patients seems
encouraging. Today, it is difficult to predict whether a
certain chemotherapeutic approach will be effective for the
individual patient. Although clinically very similar, two
breast cancer patients might respond very differently to the
same type of chemotherapy. In an attempt to solve this
clinical problem, gene expression profiling (GEP) has been
assessed in respect to prediction of response to chemother-
apy in adjuvant and neoadjuvant settings.

Today, still the majority of patients with breast cancer are
advised to receive chemotherapy when they are in an
intermediary to high-risk situation for recurrence according
to NIH and/or St. Gallen criteria. However, many patients
are treated similarly, although it is already known that not
all patients will respond due to a priori or de novo
developed drug resistance. Neoadjuvant chemotherapy is
perfectly suited for applying gene-expression profiling to
develop signatures predicting in vivo responses towards
chemotherapy, as outcomes in disease-free and overall
survival are comparable between neoadjuvant and adjuvant
chemotherapy [71]. Contemporaneous to the development
of gene expression signatures for the prediction of
prognosis in the untreated setting, signatures have been
developed with the attempt to identify patients that may
benefit from neoadjuvant chemotherapy. On the other hand,
NPV for each regimen-specific genomic signature might
identify patients who are unlikely to respond to a certain
chemotherapy regimen, rendering them to more promising
therapies.

Docetaxel is frequently used in the treatment of breast
cancer and is one of the most active but also toxic and
certainly not least expensive agents used to treat this
disease. Although a significant proportion of breast cancer
patients does not respond to docetaxel predictive factors

EPMA Journal (2010) 1:421–437 429



identified so far have not yet found the way into the clinical
setting [72, 73]. Chang and collegues developed a gene-
expression signature to predict benefit from taxane-based
chemotherapy. 24 Patients with mainly locally advanced
lymph-node positive breast cancer with mixed menopausal
status that participated in a phase II study of neoadjuvant
docetaxel were selected [74]. Sensitivity and resistance to
neoadjuvant chemotherapy were defined as residual disease
of less or more than 25% after neoadjuvant chemotherapy,
respectively. A 92-gene predictive classifier with high
expression of apoptosis-related and DNA damage-related
genes was found in docetaxel-sensitive tumors. In leave-
one-out cross-validation, this classifier showed a sensitivity
of 90% to correctly classify effectiveness to docetaxel
therapy. In a small validation set, the classifier correctly
predicted response to chemotherapy in six of six patients,
still the study cohort size is too small to obtain sufficient
statistical power.

A diagnostic technique based on RT-PCR on breast
cancer samples of 44 patients was used to generate another
predictive gene signature for response to docetaxel chemo-
therapy [75]. In a second independent validation cohort,
this group of 85 genes showed an overall accuracy of
80.7% with PPV and NPV of 73.3% and 90.9%, respec-
tively. The 85-gene profile outcompeted clinicopathological
parameters, none of which were significantly associated
with tumor response to docetaxel.

In 45 patients with stage II or stage III breast cancer with
only 14% reaching a complete pathologic response, a 22-gene
signature consisting of angiogenesis-, proliferation- and
invasion-related genes was found to be predictive for
complete pathological remission in patients neoadjuvantly
treated with 3 cycles of doxorubicin and six cycles of
docetaxel [76]. Indeed the study showed the feasibility of
RT-PCR based methods to explore candidate genes that
correlate with pathologic complete response, but the 22-gene
signature was not validated in a second independent study.

To predict at least partial pathological response to
doxorubicin combined with cyclophosphamide, two gene
expression signatures have been described [77, 78]. One
classifier based on expression of only three genes (PRSS11,
MTSS1 and CLPTM1) was established in a setting of four
cycles neoadjuvant chemotherapy with doxorubicin and
cyclophosphamide (AC) in patients with non-inflammatory,
mostly advanced breast cancer [78]. This classifier was
established in 44 samples (31 samples as training set and 13
samples in the validation set). In this small validation set of
13 samples, the 3-gene classifier only classified 11 patients
correctly. The other classifier was based on the expression
value of 253 genes involved in cell cycle, survival, stress
response and ER-pathway. However, in leave-one-out cross
validation this classifier classified only 67% of samples
correctly into AC- sensitive or resistant cases [77].

The combination of docetaxel with trastuzumab in the
treatment of HER2-positive breast cancer is common, but
predictors of trastuzumab resistance are lacking. Based on
microarray analysis of 25 tumors a 28-gene expression
profile was identified and subsequently validated in 13
samples to predict complete pathologic response after
docetaxel-trastuzumab treatment with an overall accuracy
of 92%, with 100% sensitivity and 89% specificity [79].
Nonetheless, like the two aforementioned studies, also this
study is significantly underpowered and the resulting
classifier is likely to result from overfitting the data.

Gianni and colleagues investigated the role of the RS for
prediction of response to chemotherapy in a neoadjuvant
study of 89 patients with locally advanced breast cancer
treated with doxorubicin and paclitaxel followed by 12
cycles of paclitaxel weekly, surgery and adjuvant cyclo-
phosphamide, methotreaxate and 5-fluorouracil (CMF) for
4 cycles [80]. In this study, the RS was positively
associated with the likelihood of pathologic complete
response indicating patients with high RS likely benefitting
from neoadjuvant chemotherapy. To assess whether the RS
can indeed predict benefit from chemotherapy, 651 ER-
positive lymph-node negative patients from the National
Surgical Adjuvant Breast and Bowel Project (NSABP) B20
trial were treated either with adjuvant tamoxifen or adjuvant
tamoxifen plus cyclophosphamide, methotrexate, and fluo-
rouracil (CMF) or methotrexate and fluorouracil (MF) [81].
Retrospectively, particularly high-risk patients with a RS of
≥31 benefitted from chemotherapy (distant recurrence free
survival 60% with tamoxifen compared to 88% with
tamoxifen plus chemotherapy) whereas low-risk patients
basically did not. In 465 patients with locally advanced
hormone receptor-positive breast cancer enrolled in the
Eastern Cooperative Oncology Group (ECOG) E2197-trial
treated with doxorubicin plus cyclophosphamide or doce-
taxel, plus tamoxifen if ER-positive, the RS was a highly
significant predictor of recurrence in both lymph-node
negative and lymph-node positive disease [82]. Moreover
the RS predicted recurrence more accurately than standard
clinicopathological features. 46% of patients were allocated
by the RS to the low-risk group, resulting in a recurrence
risk with chemotherapy of 3% if zero to one lymph-nodes
and of 8% if two to three lymph-nodes were positive. This
study did not include an arm without chemotherapy, but a
study on postmenopausal women with locally advanced
breast cancer found no benefit from adjuvant chemotherapy
with cyclophosphamide, doxorubicin, and fluorouracil
(CAF) when added to tamoxifen in patients with a low
RS [61].

To evaluate the effect of chemotherapy on women with
midrange risk of cancer recurrence the Eastern Cooperative
Oncology Group (ECOG) coordinates the TAILORx (Trial
Assigning IndividuaLized Options for Treatment) Trial
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(Fig. 5). In this prospective study, patients are assigned to
therapy according to their RS. Patients with a Recurrence
Score of <11 (estimated 29% of the study population)
receive antihormonal therapy, whereas patients with a
Recurrence Score of >25 (estimated 27% of the study
population) receive chemotherapy. About 44% of patients
are considered to fall into the primary study group that
contains patients with a midrange Recurrence score
between 11 and 25. These patients, stratified into pre-,
peri- or postmenopausal women, are randomized into a
taxane-containing or a non-taxane containing chemotherapy
to identify the best treatment option for this subset of
patients.

Response to 4 cycles of T/FAC neoadjuvant chemother-
apy might be predicted by a 74-gene profiler that was
established in a small study on 42 patients receiving
neoadjuvant paclitaxel and fluorouracil + doxorubicin +
cyclophosphamide (T/FAC) chemotherapy [83]. The study
cohort consisted of ER-receptor positive and ER-receptor
negative patients with the majority of patients being HER2-
negative. 48% of patients had no lymph-node involvement
and 52% of patients had N1 or N2 disease. Among the 18
patients in the validation cohort the 74-gene profiler
correctly predicted complete pathologic response in all
three patients achieving complete remission thereby result-
ing in a positive predictive value of the positive 74-gene

profile of 100%. However only a small proportion of
patients with a negative 74-gene profile were correctly
diagnosed resulting in negative predictive value of only
73% and also this study is to small to draw a conclusion.

Another pharmacogenomic predictor for complete path-
ologic response to neoadjuvant T/FAC chemotherapy, the
“DLDA-30” (Diagonal Linear Discriminant Analysis) gene
profiler consisting of only 26 genes, was established based
on the analysis of only 30 patients and was subsequently
validated in a cohort of 51 patients [84]. The NPV of the
DLDA-30 predictor was determined to be 96%. In addition,
the DLDA-30 predictor correctly identified 92% of those
patients achieving a pathological complete response, but
many patients that are predicted by the DLDA-30 to have a
cPR do not (PPV of 52%).

Taken together, all the aforementioned studies assessing
response to chemotherapy have several important weak-
nesses: first, they are mainly based on much too small
numbers of patients with too low statistical power consid-
ering the thousands of genes measured using array
technology, resulting in overfitting of the data [85]. This
results in very good predictive values in initial studies, yet
as these results are mostly validated by cross-validation
within the same dataset they are unlikely to be validated in
larger validation studies. The second weakness is the lack
of sufficiently large validation studies. In principle, none of

ER-positive and/ or PR-positive Breast Cancer
HER2-negative

LN-negative

Secondary Study Group 1
Recurrence Score < 11

Secondary Study Group 2
Recurrence Score > 25

Primary Study Group
Recurrence Score 11 to 25

Arm A
Hormonal Therapy

TAILORx Trial

29% 44% 27%

Randomization

Arm B
Hormonal Therapy

Arm C
Chemotherapy +

Hormonal Therapy

Arm D
Chemotherapy +

Hormonal Therapy

Fig. 5 Overview of the TAILORx Trial. The TAILORx trial has been
designed to evaluate the role of intermediate RS in the assignment to
adjuvant hormonal therapy alone in comparison to hormonal therapy
in combination with chemotherapy. Patients with ER-positive LN-
negative breast cancer are stratified according to their OncotypeDX
Recurrence score. Patients with a RS of less than 11 are considered for

hormonal therapy only. Patients with a RS of 25 or higher are assigned
to chemotherapy plus hormonal therapy. Patients with a RS between
11 and 25 are randomly assigned to chemotherapy plus hormonal
therapy (the standard treatment arm) or hormonal therapy alone (the
experimental-treatment arm)
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these approaches has been sufficiently validated, a prereq-
uisite for clinical application. Another critical issue is the
inclusion of both patients with ER-positive and ER-
negative tumors in these studies, although it is well known
that these subtypes respond differentially to neoadjuvant
chemotherapy [86, 87].

In an attempt to translate gene expression signatures
generated in vitro using chemotherapy sensitive cell lines
into clinical application, single-agent drug sensitivity
signatures were combined with FEC (fluorouracil, epirubi-
cin and cyclophosphamide for six cycles) and T-ET
(docetaxel for three cycles followed by epirubicin and
docetaxel for three cycles) regimen specific signatures.
Those were subsequently used to predict response in 212
patients with ER-negative breast cancer treated with an
epirubicin based therapy in the EORTC 10994/BIG 00-01
trial. The FEC predictor was validated in a set of 66 ER-
negative breast cancer patients (20% HER2 positive)
treated with FEC from which 28 showed pathological
complete responses. The FEC predictor predicted a patho-
logical complete response correctly in 27 of 40 patients
(PPV: 68%) and accurately identified 25 of 26 patients that
did not respond to FEC chemotherapy (NPV: 96%). In
parallel, a TET predictor was validated in 59 patients with
ER-negative breast cancer (34% HER2 positive) treated
with the taxane regimen docetaxel for three cycles followed
by epirubicin and docetaxel (TET), among which 27
patients showed a pathological complete response. This
predictor showed a PPV of 71% and a NPV of 92%. From
this study, the authors concluded that selection of patients
with expression of either the FEC or the TET predictor
would allow reasonable allocation to the particular treat-
ment. Allocation to FEC or TET based chemotherapy
according to the respective predictor could increase
proportion of patients with pathological complete response
significantly from 44% to around 70% [88].

An attempt to increase the rate of pathological complete
response (pCR) is the addition of gemcitabine and docetaxel
to anthracyclin based chemotherapy, either combined
(termed GEDoc) or dose dense and sequential (termed
GEsDoc) with pCR rates in up to a quarter of patients [89,
90]. The use of gene expression profiling to predict benefit
from this intensive chemotherapy was evaluated in 100
patients with ER-receptor positive and negative primary
non-metastatic breast cancer [91]. Using gene expression
data from patients with cPR in the GEDoc study as training
set, a 512 gene expression profile that predicts a pCR after
neoadjuvant systemic therapy containing gemcitabine,
epirubicin and docetaxel was validated in patients under-
going GEDoc treatment. The established predictor showed
a 88% overall accuracy with a high sensitivity of 78% and a
specificity of 90%. However, even for this study secondary
validation data are yet to be established.

Several studies have been reported describing the
prediction of therapy response related to a certain chemo-
therapeutic regimen, e.g. the 74 gene profiler for response
to T/FAC neoadjuvant chemotherapy, the 512 gene signa-
ture for gemcitabine/ docetaxel/ anthracyclin based chemo-
therapy and the FEC and TET predictor for epirubicin
based chemotherapy combined with fluorouracil and
cyclophosphamide or docetaxel, respectively [74, 83, 88,
91]. All of them have been identified as representative gene
expression signatures that occur upon specific cytotoxic cell
responses, and partially, it was demonstrated that the
respective signature is specific for a certain combination
of chemotherapeutic agents [88]. When designing a study
to search for a gene signature that could predict response to
neoadjuvant FEC treatment in patients with ER-negative
tumors treated in the EORTC 10994/BIG 00-01 trial,
Farmer and colleagues found a stroma-related gene signa-
ture, the “stromal metagene”, whose expression was
associated with significantly shorter relapse-free survival
[37]. Interestingly, this signature could predict response not
only to neoadjuvant FEC treatment, but also to T-FAC
treatment (neoadjuvant chemotherapy with paclitaxel, 5-
fluorouracil, doxorubicin and cyclophosphamide) from
another independent cohort of ER-negative breast tumors.
This suggests that the underlying biological response of the
tumor microenvironment might be important for
chemotherapy-dependent tumor eradication and the impor-
tance of the tumor stroma in metastasis, prognosis and
response towards therapy is increasingly recognized [92–
96]. As the “stromal metagene” showed its power in
predicting treatment response, its prognostic power was
assessed in an independent cohort of untreated patients
from the Nederlands Kanker Instituut (NKI) and the
Erasmus Medical Center (EMC) [37]. Whereas higher
expression of the “stromal metagene” was associated with
a significantly shorter relapse-free survival in patients
treated with chemotherapy, it was unrelated to survival in
the untreated patients. This underlines the predictive power
of the “stromal metagene” expression signature rather than
its prognostic role in untreated patients [37].

Since this gene expression signature seemed to be
predictive for outcome to more than one chemotherapeutic
regimen, the question arises whether the breast cancer
intrinsic subtypes themselves respond differentially to
chemotherapy. This applies a fortiori, as it is already
known that tumor intrinsic factors influence chemotherapy
efficiency. The expression of ER for example is negatively
predictive for response to chemotherapy and the same
might be suggested for its accompanying luminal A gene
expression profile. Indeed, in 82 patients treated with T/
FAC neoadjuvant chemotherapy basal-like and HER2+

subgroups were associated with high rates of pCR, 45%
and 45%, respectively. In contrast and in line with ER
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receptor status, luminal tumors had a pathological CR rate
of only 7% and no pCR was observed in the normal-like
subclass [97]. The application of tumor intrinsic subtypes in
predicting response to chemotherapy might be used in
settings, where it is still difficult to find gene expression
patterns that predict for therapy response [98, 99].

In conclusion, Patients that harbor a prognostic high-risk
gene expression profile according to Fig. 3 and are assigned
to undergo chemotherapy to minimize recurrence rate might
be further allocated to tumor-specific chemotherapy. By
extraction of gene expression profiles predictive for specific
chemotherapies and merging to clinical patient parameters
such as age, comorbidities, ECOG status, patients might be
allocated to the treatment they profit most of (Fig. 4).

Challenges

Enormous efforts have been undertaken and a high number
of reports exist on prognostic tumor markers. However, the
number of markers that are clinically useful is still small
irrespective whether genomic or proteomic technologies are
applied [100]. Several reasons account for this discrepancy,
e.g. the lack of standardized technologies, study design
with far too small patient size leading to overfitting thereby
resulting in poor performance of established predictors in
clinically meaningful validation studies, or even the lack of
any meaningful validation studies [100]. Moreover, gene
expression studies rely on the informative value of the
whole specimen from which RNA is extracted and
expression profiling is conducted. At this point, it is
important to emphasize that tumors are a heterogeneous
mixture of cells including the tumor cells with varying
degree of differentiation but also inflammatory immune
cells, surrounding stromal tissue and blood vessels. The
amount of the respective cell type varies significantly not
only between different tumor stages and grades, but also
between tissues of different patients with tumors of the
same histological subtype and grade. This clearly influen-
ces the designation to a particular prognostic group and
consecutively the designation to one or the other therapy. It
seems reasonable to dissect the tumor and isolate pure-
tumor cell populations prior to gene expression profiling,
but evidence is emerging that the interaction of tumor
with the stroma and cells of the immune system plays a
critical role in tumor progression and response towards
chemotherapy [101, 102]. Furthermore, recent data empha-
size the prognostic and predictive significance of stroma-
related gene signatures. Finak et al. describe a SDPP
(stroma-derived prognostic predictor), a 26-gene expression
profile, which irrespective of standard clinical prognostic
factors stratifies disease outcome [103] and predicts
response to neoadjuvant chemotherapy with two different

anthracycline-based regimens, FEC and T-FAC, in a large
cohort of patients [37].

In addition to tumor intrinsic factors such as cellular
composition and tumor differentiation, factors related to
sample procurement also influence the overall gene
expression profile. These include differences in sample
preparation, selection of microarray platform and use of
hybridization conditions. An important issue is the quality
of RNA extracted from the tumor as well. RNA is unstable
in tissue samples due to the high prevalence of RNAses,
requiring quick freezing und processing of the sample.
When validating the 70-gene prognosis signature in node-
negative breast cancer patients, Bueno-de-Mesquita and
colleagues reported up to 1/3 of samples to be excluded due
to bad sample and/ or RNA quality [30]. In this regard, RT-
PCR based tests as the OncotypeDX assay might be used in
cases were only paraffin embedded tissue is available and if
suited with comparable power regarding its prognostic and
predictive capability. Unfortunately, no study to date has
systemically compared the same patient-samples to multiple
test assays to answer this important question. Pitfalls in RT-
PCR based studies arise from other sources that might be as
trivial as e.g the use of different primer pairs for detection.
For the analysis of IL17BR expression, Ma et al. applied a
primer set in the 3′ region revealed six time higher
expression levels when directly comparing to a primer set
in the 5′ region used by Reid et al. [65–67]. Nonetheless,
levels of both IL17BR and HOXB13 correlated and
consequently, the IL17BR:HOXB13 ratio was comparable
[66].

When harmonizing studies on prognostic tumor markers,
poor study design and analysis, assay variability and
inadequate study reporting were identified as major barriers
in the field of cancer diagnostics. This analysis lead to the
development of the REMARK guidelines to encourage
transparent and complete reporting on newly found prog-
nostic markers [100]. The REMARK guidelines range from
accurate description of patient characteristics to illustration
of study design and statistical methods that have been used.
Ideally, one should be able to compare the expression data
obtained in any research facility at any time to any other
data obtained in another facility at other time points using
other microarray platforms.

Perspective

Several approaches to deal with microarray data have been
recently described, most of them being at the stage of
translational research, but several ready to be implemented
into clinical practice. In studies under the aegis of the
TRANSBIG consortium, the predictive value of the 70-
gene expression signature and the 76-gene expression
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signature are as good as the best validated clinical tool
Adjuvant!Online [29, 45]. Even more, due to their higher
specificity, they both seem to identify low-risk patients better
implying a potential to reduce unnecessary chemotherapy
[104]. In this regard, it is important to note that the
OncotypeDX recurrence score and the Adjuvant! Online tool
estimate different parameters. Whereas both the Mammaprint
signature and the OncotypeDX estimate only the risk for
distant recurrence (risk of distant metastasis), the Adjuvant!
Online tool estimates risk for all causes of recurrence (local,
regional, distant recurrence and contralateral breast cancer),
making an exact comparison between Mammaprint, Oncoty-
peDX and Adjuvant! Online difficult, if not impossible.

Nonetheless, the majority of signatures are developed
from distinct sets of mainly small patient populations with
limited validation and follow-up, as obvious in the studies
that have established the 92-gene and the 85-gene classifier
predictive for docetaxel treatment, the 22-gene classifier
predictive for doxorubicin-docetaxel treatment, the 3-gene
classifier predictive for doxorubicin-cyclophosphamide
treatment, the 28-gene classifier predictive for docetaxel-
trastuzumab treatment, the 74-gene and the “DLDA-30”
profile classifier predictive for T/FAC chemotherapy, the
FEC- and TET- predictors, the GEDoc predictor and finally
both the stromal metagene and the SDPP.

This holds partially true for the well established 70-gene
profiler Mammaprint, a signature superior to traditional
clinical predictors within the follow-up of the initial study it
was derived from. However, when applying this 70-gene
profile to longer follow-up, the gene-expression signature
show heterogeneous behavior, indicating that different
mechanisms might be responsible for early (within 5 years)
and late (beyond 5 years) distant metastasis [104].

Interestingly, and discordant with the fear of many
researchers, it was shown that different chemotherapeutic
agents can elicit similar response signatures. Although this
naturally has to be validated on larger cohorts, it reminds
one that we, even with “undirected” chemotherapy such as
anthracyclins, seem to target specific pathways rather than
evenly administering cytotoxicity like with a watering can.

Other important conclusions can be drawn from the
study by Bonnefoi et al.. First, under certain circumstances,
gene signatures calculated from cell line data can be
recovered in the clinical “in vivo setting” and second,
certain gene expression data obtained from different gene
expression platforms might be integrated after biostatistical
corrections are performed [88].

Besides developing classifiers for prognosis and predic-
tion, GEP also can be used to identify genes that e.g. mediate
resistance to specific chemotherapeutic agents [105, 106].
Moreover, GEP might guide the pathologist, when correctly
allocating histologically graded intermediate grade 2 breast
carcinoma into genomic grade 1 or 3 [52]. GEP has the

potential to substantially refine cancer prognosis well beyond
what is currently possible with the clinicopathologic indica-
tors. In part, GEP is ripe for introduction into the clinic and
may guide systemic therapy in the future. This is especially
true for the well validated 70-gene prognosis score (Mam-
maPrint) and the Oncotype DX recurrence score, whereas
caution has to be applied to the many genomics signatures
assessed in only small subsets of patients likely not reflecting
the whole spectrum of disease and therefore not being
representative [107]. Moreover, beside allocation to the main
5 subtypes of breast cancer, already today GEP can be used
to identify the molecular basis of the disease. For example,
Hedenfalk et al. used GEP to study seven spontaneous and
15 hereditary breast adenocarcinomas with mutations in
either BRCA1 or BRCA2. They were able to identify a
number of differentially expressed genes between BRCA1-
mutated and BRCA2-mutated tumors and used these genes
to accurately identify breast cancer samples that harbored
these genetic mutations [108].

The information deciphered by GEP methods might not
only accelerate identifying novel molecular targets, but
might—by providing the clinician a description of the
tumors pathology and chemosensitivity—accompany the
patient through her exertive walk against the cancer.
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