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cancer and hormone receptor (HR)-positive breast cancer after neoadjuvant systemic chemotherapy, and their
relationship with patient outcomes.
Methods: Reverse phase protein arrays of 76 proteins were carried out. A boosting approach in conjunction with a
Cox proportional hazard model deﬁned relapse predictors. A risk score (RS) was calculated with the sum of the
coefﬁcients from the ﬁnal model. Survival outcomes and associations of the RS with relapse were estimated. An
independent test set was used to validate the results.
Results: Test (n = 99) and validation sets (n = 79) were comparable. CoxBoost revealed a three-biomarker
(CHK1pS345, Caveolin1, and RAB25) and a two-biomarker (CD31 and Cyclin E1) model that correlated with
recurrence-free survival (RFS) in all residual breast cancers and in HR-positive disease, respectively. Unsupervised
clustering split patients into high- and low risk of relapse groups with different 3-year RFS (P ≤ 0.001 both). RS was a
substantial predictor of RFS (P = 0.0008 and 0.0083) after adjustment for other substantial characteristics. Similar
results were found in validation sets.
Conclusions: We found models that independently predicted RFS in all residual breast cancer and in residual HRpositive disease that may represent potential targets of therapy in this resistant disease.
Key words: breast cancer, neoadjuvant chemotherapy, residual disease

introduction
More than 209 000 women were diagnosed with breast cancer
in 2010 in the USA alone [1]. Neoadjuvant systemic
chemotherapy (NST) is associated with tumor down staging,
while concurrently allowing in vivo assessment of
chemosensitivity. Furthermore, a pathologic complete response
( pCR) following NST is considered a surrogate marker for an
improved long-term outcome [2–5]. Conversely, patients with
residual breast cancer after NST are at increased recurrence
risk and may have resistance disease to therapy [3–5]. We have
demonstrated a substantial survival beneﬁt for patients who
achieved pCR regardless of hormone receptor (HR) status: 5year overall survival (OS) rates were 96.4% versus 84.5% for
patients with and without pCR (P = 0.04) and 5-year
recurrence-free survival (RFS) rates were 91.1% versus 65.3%,
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(P < 0.0001) in the HR-positive group [4]. NST with
conventional anthracycline and/or taxane-containing regimens
results in pCR in only a minority (8%–31%) of patients [6–8].
Despite the substantial impact of residual disease (RD) after NST
on outcomes, no standard and more importantly effective
therapy exists. Therefore, there is a critical need to better
understand the molecular characteristics of such resistant tumors
and to identify novel targets that can be pursued for a more
effective, personalized intervention to improve the outcome.
To have a more precise assessment of the consequences of
RD, we developed the residual cancer burden (RCB) as a
continuous index combining pathologic measurements of the
primary tumor and nodal metastases and tested it as an
independent predictor of distant relapse-free survival [5]. We
have used and validated reverse phase protein arrays (RPPAs)
as a quantitative, sensitive, and reproducible proteomic
technology as well as a low-cost, sensitive high-throughput
platform for marker screening, pathophysiology studies,
identiﬁcation of novel treatment targets, and therapeutic
monitoring [9].
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Since patients who do not achieve a pCR after NST have a
heterogeneous group of tumors, even within a single clinical
subtype, there is need for better understanding of their biology,
heterogeneity, and treatment sensitivity. More importantly,
identifying potential therapeutic targets in RD is a critical
need. In this study, we used RPPA to determine the molecular
characteristics of residual breast cancer, in general, and in HRpositive tumors after NST, and their relationship with patient
outcomes in order to identify potential therapeutic targets.

patients and methods
Two independent tumor sets collected from two different cohorts of
patients with RD after NST (n = 99 and 76) for training, and validation sets
were included to allow for the generalizability of the risk prediction tool and
in particular to reduce biasedness in an overoptimistic direction. All patients
were diagnosed with primary breast cancer and treated with uniform taxane
and anthracycline-based NST at MD Anderson Cancer Center [12 cycles of
weekly paclitaxel or 4 cycles of every 3-week docetaxel, followed by 4 cycles
of FAC (5-ﬂuourouracil, doxorubicin, and cyclophosphamide) or FEC100
(5-ﬂuourouracil, epirubicin, and cyclophosphamide)]. All patients with
estrogen receptor (ER)- and/or progesterone receptor (PR)-positive disease
received adjuvant endocrine therapy with either tamoxifen or an aromatase
inhibitor for 5 years or until relapse. Patients were divided into three breast
cancer subtypes according to receptor status by immunohistochemistry and/
or ﬂuorescent in situ hybridization: HR positive (ER and/or PR positive,
HER2 negative), HER2 positive (regardless of HR status), and triple
receptor negative (ER, PR, and HER2 negative). For the HR-positive breast
cancer subtype, the training and validation sets consisted of 53 and 42
tumors, respectively. The institutional review board approved the laboratory
protocol to complete the studies.

reverse phase protein arrays
RPPA was completed independently and at different time points for
training and test sets using individual arrays. Protein was extracted from
human tumors, and RPPA was carried out as described previously [9, 10].
Lysis buffer was used to lyse frozen tumors by homogenization. Lysates
were normalized to 1 µg/µl concentration as assessed by the bicinchoninic
acid assay and boiled with 1% sodium dodecyl sulfate. Supernatants were
manually diluted in ﬁvefold serial dilutions with lysis buffer. An Aushon
Biosystems 2470 arrayer (Burlington, MA) created 1056 sample arrays on
nitrocellulose-coated FAST slides (Schleicher & Schuell BioScience, Inc.).
Slides were probed with 76 validated primary antibodies (supplementary
Table S1, available at Annals of Oncology online) and signal ampliﬁed using
a DakoCytomation-catalyzed system. Secondary antibodies were used as a
starting point for ampliﬁcation. Slides were scanned, analyzed, and
quantiﬁed using Microvigene software (VigeneTech Inc., Carlisle, MA) to
generate spot signal intensities, which were processed by the R package
SuperCurve (version 1.01) [11]. A ﬁtted curve (‘supercurve’) was plotted
with the signal intensities on the Y-axis and the relative log2 concentration
of each protein on the X-axis using the nonparametric, monotone
increasing B-spline model [11]. Protein concentrations were derived from
the supercurve for each lysate by curve ﬁtting and normalized by median
polish. Protein measurements were corrected for loading as described
previously [9, 10]. Antibodies were selected by focusing on markers
currently used for breast cancer classiﬁcation due to their value in
treatment decisions (ER, PR, and HER2), targets implicated in breast
cancer pathophysiology, and targets implicated in the pathophysiology of
other cancer lineages. A final selection of antibodies was also driven by the
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Table 1. Patients and tumor characteristics

All patients
Race
White
Black
Hispanic
Other
Age at diagnosis
Minimum
Median
Maximum
Menopausal status
Premenopausal
Peri/postmenopausal
Clinical stage
I and II
III
Nuclear grade
1
2
3
Lymphovascular invasion
Positive
Negative
Residual cancer burden
I
II
III
HR positive
Race
White
Black
Hispanic
Other
Age at diagnosis
Minimum
Median
Maximum
Menopausal status
Premenopausal
Peri/postmenopausal
Clinical stage
I and II
III
Nuclear grade
1
2
3
Lymphovascular invasion
Positive
Negative
Residual cancer burden
II
III

Training set
N = 99
%

Validation set
N = 79
%

65
22
10
2

50
17
7
5

27
50
77

65.7
22.2
10.1
3.77
–
–
–

25
51
77

63.29
21.52
8.86
6.33
–
–
–

0.5703

0.7517

37
62

37.37
62.63

30
45

37.97
56.96

0.8452

48
48

48.48
48.48

32
46

40.51
58.23

0.3038

8
32
58

8.08
32.32
58.59

2
19
55

2.53
24.05
69.62

0.1176

62
37

62.6
37.4

37
39

46.84
49.37

0.0909

1
37
57
N = 53

1.01
37.37
57.58
%

0
5
71
N = 42

0
6.33
89.87
%

41
7
3
2

77.4
13.2
5.66
3.77

29
6
4
3

69.05
14.29
9.52
7.14

0.7487

30
50
77

–
–
–

20
33

37.7
62.3

17
24

40.48
57.14

0.8776

29
21

54.71
39.62

19
23

45.24
54.76

0.312

8
27
17

15.1
50.9
32.1

2
17
23

4.76
40.48
54.76

0.0668

34
19

64.2
35.8

19
23

45.24
54.76

0.1020

18
31

34.0
54.5

4
38

9.52
90.48

0.0030

31
51.5
77

–
–
–

<0.0001

0.597

Volume 24 | No. 4 | April 2013

original articles

Annals of Oncology

Figure 1. Unsupervised clustering of all residual tumors training (A) and validation (B) sets and 76 proteins by the breast cancer subtype: hormone
receptor positive (green), HER2 positive (red), and triple receptor negative (blue).

availability of high quality to pass a strict validation process as previously
described [9, 10].

statistical methods
Patient characteristics were tabulated and described by their medians or
ranges and compared according to the breast cancer subtype with a chisquare test or Wilcoxon’s rank sum test as appropriate. Time to recurrence
was measured from the date of diagnosis to the date of recurrence or the
last follow-up. Patients who died before experiencing a disease recurrence
were censored at their date of death. The median follow-up time was
calculated as the median observation time among all patients. The RCB
was calculated using the MD Anderson RCB Calculator [12]. Survival
outcomes were estimated according to the Kaplan–Meier product limit and
compared with log-rank statistic. Cox proportional hazard models were
employed to determine the association of risk scores (RSs) after adjustment
for other signiﬁcant patient and disease characteristics. All variables that
were signiﬁcantly associated with RFS (P < 0.05), including breast cancer
subtype, nuclear grade, and RCB, were included in the multivariable
model. The model selection was based on a backwards selection procedure
where all variables of interest were included in a full model and then
variables were retained according to their P-values (P < 0.05).

RPPA data analysis
As the ﬁrst step, both RPPA datasets were variable slope normalized [13] to
eliminate batch effects. To train the models (all tumors and HR-positive
tumors), for each of the 76 proteins, a univariate CoxPH model was
established. A boosting approach with cross validation (R package CoxBoost)
was used to develop a robust Cox proportional hazard model and to select
RPPA predictors of relapse for all patients and for patients with HR-positive
disease. The ﬁnal combined CoxPH model for the prediction of relapse was
established including clinical stage, tumor grade, breast cancer subtype (when
all tumors were included), RCB, and selected RPPA proteins. For each model,
the C-index was calculated and estimated from 200 randomizations.
The most accurate RPPA set was selected from a series of bootstrapped
prediction analyses, whereby different cutoff points were iterated to
establish an optimal panel of RPPAs accurately separating the different risk
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subgroups. Subsequent unsupervised hierarchical clustering analysis was
employed as a graphical tool to view the potential clusters obtained from
the ﬁnal multivariable model.
RS were calculated for all patients and patients with HR-positive disease.
The sum of the coefﬁcients from the Cox model was the RS for each
patient. RS-All was the RS for all tumors, and RS-HR was the RS for HRpositive tumors. Formulas are as follows: RS-All = 0.9528 × CHK1ps345 −
0.7085 × Caveolin1 − 1.2428 × RAB25 and RS-HR = (−2.17) × CD31 +
1.53 × Cyclin E1. To classify validation samples into the speciﬁc risk
groups, thresholds for receiver operating characteristic (ROC) curves were
set for the training set and were subsequently employed for testing. C-index
and area under the curve (AUC) were applied to measure the predictive
performance and discriminating power of the models.

results
Patient and tumor characteristics for training and validation
sets are summarized in Table 1. Training and validation sets
were comparable by race, age, stage, and grade. The
distributions by breast cancer subtypes: HR positive, HER2
positive, and triple receptor negative were 54%, 15%, and 31%,
respectively, in the training set, and 53%, 14%, and 29% in the
validation set (P = 0.97). Median follow-up times were 27
(range 7–142) months in the training set and 31 (range 4–145)
months in the validation set.
Figure 1 shows the unsupervised clustering of all residual
tumors in the training (n = 99) (Figure 1A) and validation
(n = 79) (Figure 1B) sets and 76 proteins by the breast cancer
subtype. Residual tumors did not cluster together by the breast
cancer subtype.

unsupervised clustering and survival estimates
all patients

After CoxBoost and stepwise selection, a three-biomarker
(CHK1pS345, Caveolin1, and RAB25) CoxPH model was
developed as the RPPA relapse predictor model (RS-All =
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Figure 2. (A) Multivariable Cox proportional hazard model for the predictive markers and risk score (RS) calculation. (B) Unsupervised clustering of 99
residual breast cancers (training set). Two potential clusters were deﬁned according the independent predictive markers from the multivariable CoxBoost
analysis (Caveolin1, Rab25, and CHK1pS345). (C) Recurrence-free survival by clusters in the training set deﬁned a high and a low risk of the recurrence
group. (D) ROC curve of the RS in all residual breast cancers (test set). (E) Unsupervised clustering of 79 HR-positive residual breast cancers (validation
set). Two clusters characterized by the independent predictive markers from the multivariable CoxBoost analysis (Caveolin1, RAB25, and CHK1pS345). (F)
Recurrence-free survival by clusters in the validation set deﬁned a high and a low risk of the recurrence group.

0.9528 × CHK1pS345 − 0.7085 × Caveolin
1 − 1.2428 × RAB25; Figure 2A). When we applied unsupervised
clustering of these three biomarkers to the training set
(Figure 2B), patients were split into high and low risk of relapse
groups with signiﬁcantly different 3-year RFS estimates [45.1%
(95% conﬁdence interval, CI: 31.7% to 64.3%) versus 66.8% (95%
CI: 54.1% to 82.5%), P = 0.002; Table 2 and Figure 2C], and
AUC of 0.7476 (Figure 2D). The three protein risk model was
then applied to the validation set (n = 79), and patients were
again split into high- and low-risk groups (Figure 2E) with nearsigniﬁcant differences in median and 3-year RFS (P = 0.053;
Table 2, Figure 2F).
patients with HR-positive disease

Although our patients received a homogeneous NST regimen,
it is well known that breast cancer is a heterogeneous collection
of diseases with different biology and therapeutic approaches.
We therefore decided to focus further analysis on HR-positive
disease. After CoxBoost and stepwise selection, a two-
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biomarker (CD31 and Cyclin E1) model was considered the
optimal RPPA relapse predictor model for HR-positive disease
(RS-HR = −2.17 × CD31 + 1.53 × Cyclin E1; Figure 3A). When
we applied unsupervised clustering of these two biomarkers to
the training set (n = 53; Figure 3B), patients were split into
high- and low risk of relapse groups with signiﬁcantly different
3-year RFS estimates (16.7% [95% CI = 2.78% to 99.7%] versus
90.8% [95% CI = 82.5% to 99.8%], P ≤ 0.001; Table 2 and
Figure 3C), with an estimated corresponding AUC of 0.8535
(Figure 3D). The two protein risk model was then applied to
the validation set (n = 42), and patients were again split into
the high- and low-risk group (Figure 3E) with signiﬁcant
differences in 3-year RFS estimates (P = 0.038; Table 2 and
Figure 3F).
ﬁnal multivariable models

Table 3 summarized the Cox proportional hazard models
based on stepwise regression with backward elimination for all
patients and for patients with HR-positive disease in the
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Table 2. Recurrence-free survival estimates by the risk group in all
patients and in patients with hormone receptor (HR)-positive tumors

Training sets
All patients
All
High risk
clustering
Low risk
clustering
HR positive
All
High risk
clustering
Low risk
clustering
Validation data
All patients
All
High risk
clustering
Low risk
clustering
HR positive
All
High risk
clustering
Low risk
clustering

N

Number
of events

3-year
estimate

95%
conﬁdence
interval

99
40

40
23

58.6
45.1

48.9–70.3
31.7–64.3

59

17

66.8

54.1–82.5

53
6

11
5

82.1
16.7

72.2–93.5
2.78–99.7

47

6

90.8

82.5–99.8

79
21

37
13

51.8
38.1

41.6–64.4
22.1–65.7

54

24

56.7

44.9–71.5

42
5

15
3

70.2
30

57.4–86
6.3–99.9

37

12

75

62–90.65

P-value

0.002

<0.001

0.055

0.038

training sets. Considering all patients, the RS-All was the only
independent predictor of RFS [hazard ratio = 2.09, 95%
CI = 1.36–3.21, P = 0.0008] after adjustment for other
substantial patient and disease characteristics including breast
cancer subtype, clinical stage at diagnosis, nuclear grade, and
RCB (a measurement of the volume of the RD at the time of
surgery). Considering patients with HR-positive disease only,
the RS-HR was the only independent predictor of RFS (hazard
ratio = 2.87, 95% CI = 1.31–6.27, P = 0.0083) after adjustment
for other substantial patient and disease characteristics
including clinical stage at diagnosis, nuclear grade, and RCB.
Similar results were found in both validation sets (P = 0.007
and P = 0.018 for all patients and patients with HR-positive
disease, respectively).

discussion
Achieving a pCR after NST correlates with improved diseasefree and OS; conversely patients with residual breast cancer
after NST are at increased risk for recurrence. Therefore,
identifying markers able to better discriminate different
prognostic categories, and understanding the biology and the
clinical implications of RD may help us identify speciﬁc targets
and better tailor management. In this study, we used RPPA to
determine the molecular characteristics of residual breast
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cancer, and their relationship with patient outcomes. We found
a three protein model that independently predicted RFS risk in
all patients and a two protein model that independently
predicted RFS risk in patients with HR-positive disease.
There is a growing interest within the scientiﬁc community
in understanding the biology and characteristics of RD.
Guarneri et al. [14] evaluated the effect of NST on tumor
biomarker expression and its prognostic role after therapyinduced variation. They observed that NST induced a
substantial reduction in the expression of ER, PR, Ki-67, and
apoptosis markers and that a Ki-67 ≥15% and nodal positivity
after treatment were the predictors of inferior disease-free
survival. Our group evaluated whether patients with HER-2
overexpressed tumors had a change in HER-2 status in the RD
after trastuzumab-based NST. Despite the small sample size,
we observed the loss of HER-2 in one-third of the patients
with substantial RD, and this change was associated with poor
RFS [15]. Lastly, Creighton et al. [16] used gene expression
signatures showing increased expression of mesenchymal
markers in residual tumor cells.
To our knowledge, this is the ﬁrst analysis of RD after NST
using functional proteomics. When looking at all tumors, we
found a three marker model that predicted RFS. It included
CHK1pS345, Caveolin1, and Rab25. CHK1 is the downstream
protein kinase central to replication checkpoints. It responds
primarily to replication fork abnormalities via AtaxiaTelangiectasia-Rad3-dependent phosphorylation at two sites,
Ser345 and Ser317, through which it activates cycle arrest,
activates DNA repair, and terminates the checkpoint to resume
cell division cycle [17, 18]. A recent study showed that
expression levels of CHK1 and FBX6 exhibited an inverse
correlation in both cultured cancer cell lines and breast tumors
and that defects in CHK1 degradation rendered tumor cells
resistant to topoisomerase inhibitors [19]. Targeting DNA
repair mechanisms in breast cancer is a potential therapeutic
approach being explored in patients with germline DNA repair
defects. Similar drugs may be useful for patients with RD and
high levels of activated CHK1. RAB25, a member of the RAS
superfamily of small GTPases, has been implicated in the
pathophysiology of ovarian, breast, and other cancers. It is
implicated in endosomal transport and recycling of cell-surface
receptors and signaling proteins [20]. In breast cancer 1q
ampliﬁcation, RAB25 gene ampliﬁcation and mRNA
overexpression, measured by array comparative genomic
hybridization and quantitative polymerase chain reaction, have
been correlated with shorter OS [21, 22]. However, RAB25
mRNA and protein appear to exhibit a subtype-speciﬁc pattern
of expression with high levels of expression in HR- and HER2positive tumors, intermediate expression in basal tumors, and
low or absent expression in metaplastic cancers [20, 21],
suggesting that it may have different roles in breast cancer
subtypes explaining, in part, our ﬁndings, since over 50% of
the tumors were HR-positive and the HER2-positive cancers
did not receive trastuzumab. The role of Caveolin1 in tumor
biology appears to be multidimensional [21]. Caveolin1
appears to suppress the development of mammary tumors and
metastases in vivo, as well as growth and transformation in
vitro [23]. Studies reporting a reduction of Caveolin1 in breast
cancer compared with normal tissue require cautious

doi:10.1093/annonc/mds530 | 

original articles

Annals of Oncology

Figure 3. (A) Multivariable Cox proportional hazard model for the predictive markers and risk score (RS) calculation. (B) Unsupervised clustering of 53
HR-positive residual breast cancers (training set). Two potential clusters deﬁned by the independent predictive markers from the multivariable CoxBoost
analysis (CD31 and Cyclin E1). (C) Recurrence-free survival by clusters in the training set deﬁned a high and a low risk of the recurrence group. (D) ROC curve
of the RS in the HR-positive breast cancers (test set). (E) Unsupervised clustering of 42 HR-positive residual breast cancers (validation set). Two clusters deﬁned
by the independent predictive markers from the multivariable CoxBoost analysis (CD31 and Cyclin E1). (F) Recurrence-free survival by clusters in the validation
set deﬁned a high and a low risk of the recurrence group.

interpretation due to its location and technical limitations [24].
The best evidence cited in support of its tumor suppressor role
come from a report of somatic inactivating CAV1 mutations in
16% of breast cancers [25] corroborated by an independent
group in 35% of HR-positive breast cancer [26]. Among patients
harboring mutations, 82% suffered recurrence, compared with
48% without mutations [26]. Our data, although limited by the
stromal contamination of RPPA, support these ﬁndings, showing
Caveolin1 as a predictor of better RFS.
Although our patients received a homogeneous NST
regimen, it is well known that breast cancer is a heterogeneous
collection of diseases with different biology and therapeutic
approaches. We therefore decided to focus our analysis on
HR-positive disease. We found a two marker model that
predicted RFS. It included Cyclin E1 and CD31. CD31 has
been used a marker of angiogenesis; however, no clear
predictive or prognostic role in breast cancer has been
previously reported.
Cyclins are critical to cell cycle progression, and Cyclins D1
and E1 have been well studied in breast cancer [27–30].
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Overexpression of Cyclin E1 has been consistently associated
with an increased risk of cancer relapse and death [29, 30]. We
previously demonstrated that the levels of Cyclins B1, D1, and
E1 were differentially deregulated in breast cancer subtypes and
that although Cyclin B1 appeared to be the dominant cyclin
associated with poor prognosis in HR-positive breast cancer,
coordinated overexpression of Cyclins B1 and E1 was
associated with adverse patient outcomes across all breast
cancers and speciﬁcally in HR positive [31]. In our patients,
these ﬁndings are interesting since these tumors were selected
to be resistant to standard anthracycline/taxane-based
chemotherapy (extensive RD), and with the two marker model,
tumors were further discriminated into high- and low risk,
implying that the high-risk tumors that had high levels of
cyclin E1 were also resistant to adjuvant endocrine therapy.
Further, PCNA, a proliferation marker for Ki67, was not found
to be an independent predictor of outcome in this patient
population. Recent work from our group showed that
overexpression of low-molecular-weight (LMW) Cyclin E in
letrozole-treated postmenopausal patients was associated with
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Table 3. Multivariable models for recurrence-free survival in all patients
and in patients with HR-positive tumors
Variables

All patients
Breast cancer subtype
HR positive
HER2 positive
Triple receptor negative
Clinical stage at diagnosis
I and II
III
Nuclear grade
1 and 2
3
Residual cancer burden
(continuous)
Risk score all patients (RS-All)
Patients with HR-positive disease
Clinical stage at diagnosis
I and II
III
Nuclear grade
1 and 2
3
Residual cancer burden
(continuous)
Risk score HR positive
(RS-HR)

Recurrence-free survival
Hazard
95%
ratio
conﬁdence
interval

P-value

1.0
2.58
2.13

0.97–6.83
0.83–5.48

0.0572
0.117

1.0
1.02

0.515–2.029

0.95

1.0
1.64
1.01

0.56–4.79
0.99–1.02

0.362
0.346

2.09

1.36–3.21

0.0008

1.0
0.33

0.08–1.43

0.1388

1.0
2.2
1.02

0.59–8.43
0.99–1.05

0.2405
0.2211

2.87

1.31–6.26

0.0083

poor prognosis [31]. Letrozole treatment-inhibited Cyclin ECDK2 kinase activity by preventing androstenedione-induced
CDK2 increase. LMW Cyclin E bypassed this effect rendering
cells resistant to letrozole. Patients with breast cancer whose
tumors overexpressed LMW Cyclin E did not respond to
therapy with aromatase inhibitors [31]. Ongoing clinical trials
are looking at the role of CDK inhibitors in patients with HRpositive and HR-negative breast cancers [32].
Our study has some limitations. RPPA is useful for the
objective quantiﬁcation of protein expression in cell lines and
tumor tissues, but does not provide information on
intratumoral or cellular localization of the evaluated proteins
and thus on the effect of different protein localization patterns
on clinical outcomes. Further, and in particular with regard to
Cyclin E1, RPPA does not discriminate between the protein
products of full length and LMW variants.
In summary, we used RPPA to determine the molecular
characteristics of RD after NST, and their relationship with
patient’s outcome. We found a three protein model that
independently predicted RFS risk in all patients and a two
protein model that independently predicted RFS risk in
patients with HR-positive disease. These models may have
value in stratifying patients based on their risk of relapse, and
these biological differences may provide potential targets for
therapy and help us to guide our adjuvant treatment modalities
including novel agents in this resistant disease.
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Background: Randomized clinical trials showed the beneﬁt of adjuvant trastuzumab-based chemotherapy (ATBC) for
node-positive and/or >1 cm HER2+ breast carcinomas. No efﬁcacy data have been published on ATBC in large series
of pT1abN0 HER2+ tumors.
Patients and methods: This retrospective study evaluated 276 cases of pT1abN0 HER2+ breast tumors in eight
French cancer centers. Factors associated with prognosis and ATBC prescription were analyzed.
Results: A total of 129 cases (47%) were treated with ATBC (ATBC+), 19 with chemotherapy alone, 5 with
trastuzumab alone, and 123 (45%) with neither trastuzumab nor chemotherapy (ATBC−). ATBC use was associated
with the date of diagnosis (before or after June 2005) and with poor prognostic features. At a median follow-up of 44
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