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Implications of Functional Proteomics in Breast Cancer
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ABSTRACT

Breast cancer is one of the major public health problems of the
Western world. Recent advances in genomics and gene
expression-profiling approaches have enriched our under-
standing of this heterogeneous disease. However, progress in
functional proteomics in breast cancer research has been
relatively slow. Allied with genomics, the functional proteomics
approach will be important in improving diagnosis through

better classification of breast cancer and in predicting prognosis
and response to different therapies, including chemotherapy,
hormonal therapy, and targeted therapy. In this review, we will
present functional proteomic approaches with a focus on
therecentclinicalimplications of utilizingthe reverse-phase
protein array platform in breast cancer research. The Oncologist
2014;19:328-335

Implications for Practice: Functional proteomicsis a rapidly evolving field that will have vast clinical implications in the near future.
Therefore, itisimportant to understandits conceptandrolein the diagnosis, prognostication, and treatmentin breast cancer. Mass
spectrometry serves as a discovery platform, whereas reverse-phase protein array (RPPA) serves as a validation platform in breast
cancer research. RPPA-based classification will complement gene expression-based classification. RPPA-based breast cancer
subgroups are shown to be both prognostic of survival and predictive of response to chemotherapy. Prognostic or predictive

protein panels in breast cancer will lead to discovery of novel therapeutic targets in breast cancer treatment.

INTRODUCTION

Breast cancer is one of the major health problems in the U.S.
with 230,000 cases expected to occur in 2013 [1]. Recent
advances in breast cancer classification, including human
epidermal growth factor receptor 2 (HER2)-positive breast
cancer, and its matched targeted therapy, including trastuzu-
mab, have led to better outcomes of breast cancer [2]. In
addition, the gene expression-profiling approach has identi-
fied at least six molecular subtypes that relate to different
clinical presentations and outcome [3, 4]. For hormone-positive,
node-negative breast cancer patients, the 21-gene profiling
assay, Oncotype DX (Genomic Health, Redwood City, CA,
http://www.genomichealth.com/), is currently being used to
predict benefit from chemotherapy [5]. Despite the improve-
ment in classification and recent development of targeted
therapies in breast cancer that resulted in improved outcome,
the survival gain has only been modest as a result of frequent
relapses and failures to treatments.

The genomics approach has its limitations. It does not
capture post-translational modification that affects protein
function and stability [6, 7]. Proteins are the ultimate effector
molecule of cellular functions, not genes or messenger RNAs.
In addition, limited power of single gene or protein biomarkers
for predicting clinical outcome has raised the need for

integrated large-scale data analyses. Recent advances in
functional proteomics have allowed high-throughput analysis
of both basal and phosphorylated proteins active in carcino-
genesis and tumor progression. Functional proteomic profiling
has now enabled discovery of candidate proteins related to
different pathophysiology or outcome in breast cancer [8]. In this
review, we will examine the current technologies of functional
proteomics and its clinical implications in breast cancer focusing
on the reverse-phase protein array (RPPA) analysis.

MATERIALS AND METHODS

The literature search was performed via online search engines
including PubMed using “functional proteomics” and “breast
cancer” as key words. Articles describing research using the
“RPPA” platform were selected to be further reviewed. Articles
without human breast cancer research were excluded. The
level of evidence was not used in terms of evaluating the articles
because none of the studies was performed in a randomized
fashion. Unpublished data were not utilized in this review.

PROTEIN ANALYSIS PLATFORMS
Proteomic platforms can be divided into antibody-based
and nonantibody-based. The former includes Western
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Table 1. Overview and comparison of commonly used protein analysis platforms

Technology Tissue requirement Output
Antibody-based (validation platform)
Western blot Low throughput, labor intensive Protein lysate, large Qualitative

ELISA
Immunohistochemistry

Low throughput, labor intensive
Low throughput, labor intensive

Tissue microarray Semihigh throughput

RPPA High throughput (300 antibodies
for each slide; 1,152 patient

samples on slide)
Mass spectrometry-based (discovery platform)

MALDI-TOF MS High throughput

SELDI-TOF MS High throughput

(5 X 10° cells/lot)
Protein lysate, large Quantitative

Paraffin-embedded tissue Semiqualitative

blocks, large (0, +1-3)
Paraffin-embedded tissue blocks, Semiqualitative
intermediate (0.6-mm cut (0, +1-3)

paraffin-embedded tissue blocks)

Qualitative (measuring
intensity from gradual
concentration curve)

Minute (200 cells/slide, nanoliter
range), sample sparing

Quantitative and qualitative
(structure identification)

Tissue block to single cell, minute,
sample sparing

Quantitative and qualitative
(structure identification)

Tissue block to single cell, minute,
sample sparing

Abbreviations: ELISA, enzyme-linked immunosorbent assay; MALDI-TOF MS, matrix-assisted laser desorption-ionization time-of-flight mass
spectrometry; RPPA, reverse-phase protein array; SELDI-TOF MS, surface-enhanced laser desorption-ionization time-of-flight mass spectrometry

(variant of MALDI based on sample probe surfaces).

blotting, enzyme-linked immunosorbent assay (ELISA),
immunohistochemistry (IHC), and protein microarray. The
latter includes protein mass spectrometry-based technology.
Whereasthe former requires prior knowledge of proteinsto be
tested and validated antibodies, the latter does not. Table 1
provides the overview and comparison between the afore-
mentioned protein analysis platforms.

Western blotting is a widely used technique used to detect
specific proteins in the given sample of tissue extract. It utilizes
gel electrophoresis to separate proteins by the three-dimensional
structure or the length of the polypeptide. The proteins are
then transferred to a membrane, later stained with antibodies
specific to the protein [9]. This is a low-throughput technology
designed to survey one or a limited number of proteins at a
time. However, the same concept of protein printing on the
membrane is used in the protein microarray platform.

ELISA is a highly specific assay mainly used for serum
antigen orantibody. Although it is suitable for validating specific
protein biomarkers, it is expensive and low throughput. It
requires a large amount of protein lysates to have reasonable
sensitivity. Western blotting and ELISA are currently not used
in treatment guidelines [10]. ELISA technology is currently
actively being utilized in the epidemiologic correlative studies
assessing blood proteome-based biomarkers such as circulat-
ing tumor antigen [11].

Immunohistochemistry (IHC) is currently used to classify
breast cancer into hormone receptor-positive (HER2-negative),
HER2-positive, or triple-negative breast cancer. It is a conven-
tional highly specific assay to assess protein expressions. It has
the advantage of providing information of cellular and spatial
localization of the protein. However, it is low-throughput and
labor-intensive. When IHC is coupled with tissue microarray
(TMA), it becomes possible to analyze a group of protein
markers in multiple fragments of tumor tissues with a reason-
able cost. The important limitation of IHC is that it is only
semiquantitative. Thus, IHC can be observer-dependent. In
breast cancer, estrogen receptor (ER), progesterone receptor
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(PR), and HER2 protein expression level by IHC are used for
treatment algorithms [12, 13]. For example, tamoxifen or
aromatase inhibitors can be used if ER or PR is measured equal
to or greater than 1% by IHC depending on their menopausal
status [13].

DEFINITION OF FUNCTIONAL PROTEOMICS

Proteomics can be defined as a large-scale high-throughput
study of proteins from a variety of different biological samples
investigating their ontology, classification, expression levels,
and properties. Functional proteomics, in contrast to conven-
tional proteomics, indicates proteomics study that incorpo-
rates the examination of protein activation, protein-protein
interactions, and activated pathway analyses. Serum, plasma,
tissue, urine, cerebrospinal fluid, saliva, nipple fluid, ascites,
pleural fluid, or any body fluid can be used by functional pro-
teomicsto classify breast cancer and predict survival and response
to therapy in breast cancer by discovering proteomic bio-
markers. Functional proteomics can also encompass classifica-
tion of proteins into distinct groups such as exosomal proteins
(exosome), secreted proteins (secretome), proteases (protea-
some), kinases (kinome), and phosphorylated proteins (phos-
phoproteomics) and further characterization of them. Protein
mass spectrometry and protein microarray are the commonly
used high-throughput technologies that can utilize functional
proteomics to its fullest potential in breast cancer research.

PROTEIN MASS SPECTROMETRY

Protein mass spectrometry is an analytical tool that generates
spectra of the masses of the proteins consisting of a sample of
material. It first ionizes compounds to generate charged
molecules and then measures their mass-to-charge ratios.The
spectraare examined to determine the elemental composition
of a sample and the masses of proteins and to depict the
chemical structures of proteins [14]. It has now become a
major platform for discovery of unknown proteins associated
with breast cancer pathogenesis. Recent advances in protein
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mass spectrometry have allowed high-sample throughput and
near-complete coverage of whole-protein samples. The com-
monly used methodologies for whole-protein ionization are
electrospray ionization, surface-enhanced laser desorption
ionization, and matrix-assisted laser desorption ionization
(MALDI).With the advent of MALDI-based imaging mass spec-
trometry method, it is now possible to simultaneously measure
multiple analytes directly from intact tissue sections [15]. This
is @ major breakthrough because it does not require tissue
consumption, in contrast to the IHC, which requires multiple
fragments of tissue samples from TMA [16].

With the advent of MALDI-based imaging mass spec-
trometry method, itis now possible to simultaneously
measure multiple analytes directly from intact tissue
sections. This is a major breakthrough because it does
not require tissue consumption, in contrast to the
IHC, which requires requiring multiple fragments of
tissue samples from TMA.

Mass spectrometry (MS)-based label-free proteomics pro-
vides an unbiased approach to screen biomarkers related to
disease progression and therapy resistance of breast cancer on
the global scale. It has shown promise in discovering new
biomarkers related to early detection, prognostication, and
prediction of response to different therapies in breast cancer
[17-21]. However, thistechnology is only available in specialized
centers with a large-scale mass spectrometer machine and
specially trained staff with advanced bioinformatics skills.
Therefore, the reproducibility and reliability of the findings
from this platform have often been questioned, with some
studies showing contradictory results [22]. Although the future
of the protein mass spectrometry-based technologies is prom-
ising, it may not be cost-effective or clinically robust to be
implemented into clinical practice. In addition, all reported
biomarkers discovered are derived from retrospective patient
samples. None of the markers is validated in the prospective
clinical studies. This suggests both the limited validity of current
mass spectrometry-based biomarkers and the importance of
prospective validation to be applied in clinics in the near future.

PROTEIN MICROARRAY

Protein microarray is a high-throughput method used to assess
the expression, interactions, and activities of proteins on a
large scale. Its major advantage is that large numbers of proteins
can be tracked in parallel. It is often compared with gene
microarray, also known as gene chip.

Protein microarrays can be divided into two distinct
formats: forward-phase protein array (FFPA) and reverse-
phase protein array (RPPA) [23, 24].The formeris also termed
analytic capture array, whereas the latter is termed lysate array.
In FFPA, antibodies are immobilized in each spot and each array
is queried with a tumor sample that contains multiple protein
lysates. Therefore, multiple protein expression and phosphor-
ylation levels will be measured atthe sametimeinasinglearray
with a set of antibodies. In contrast, in RPPA, a set of tumor
sample lysates is immobilized in each array spot and each array
is queried with one antibody and later with affinity reagent.
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More than one thousand patient samples with multiple protein
lysates can be investigated in parallel in a single array for each
protein of interest using a validated antibody per each array.

Protein microarray is an automated, rapid, cost-effective,
and highly sensitive technology consuming only small quantities
of samples and reagents. Because RPPA technology can be used
to compare multiple protein samples in parallel, enabling high-
throughput analyses in a large number of patient cohorts, it is
more commonly used and a feasible platform for biomarker
discovery in breast cancer [25].

USE OF REVERSE-PHASE PROTEIN ARRAY (RPPA) IN
BREAST CANCER

The feasibility and validity of the RPPA platform to map func-
tional proteomics of breast cancer have been repeatedly demon-
strated with fine-needle aspiration (FNA) samples, core biopsies,
resected tissue blocks, and in laser-capture microdissected tissue
samples of both primary and metastatic breast cancer lesions
[26—28]. Of note, one pilot study suggested the feasibility of using
the RPPA with limited random periareolar FNA samples obtained
from high-risk women in a prospective setting [27].

Laser-capture microdissection (LCM) is now applied to
accurately capture tumor from stroma or the surrounding
normal tissue [29]. In other words, it is used to procure specific
cell subpopulations under direct microscopic visualization of
a standard-stained frozen or formalin-fixed tissue section on
a glass slide. Its feasibility and the proof of concept have been
shown with the mass spectrometry-based technology as well
as the RPPA in breast cancer [29-31]. The combination of the
LCM and the RPPA technologies enables the analysis of various
key cellular signaling proteins from pure tumor cell popula-
tions. Currently, different protein pathways are being moni-
tored with the LCM and the RPPAs in clinical trials [32].

For example, a phase Il neoadjuvant randomized clinical
trial of trastuzumab and/or lapatinib with chemotherapy in
HER2-positive breast cancer is still ongoing (NCT15585078). It
was designed to monitor changes in the HER2 and other related
protein pathways between the pre- and post-treatment tumor
samples using the LCM and the RPPA. One study found a high
concordance rate between the HER2 amplification by fluores-
cent in-situ hybridization (FISH) and HER2 level measured by
the RPPA [33]. Intriguingly, a group of patients with low HER2 ex-
pression (by IHC) and amplification (by FISH) and high HER2
phosphorylation was identified [33, 34]. This group had HER2
pathway and its downstream pathway activation independent
of total HER2 levels and functional signaling through HER3 and
epidermal growth factor receptor (EGFR). These patients,
currently excluded from HER2-directed therapy, may poten-
tially benefit from it, leading to improved survival outcome
[34]. Validation of this hypothesis in a prospective clinical trial
setting will likely provide a proof of concept supporting the
clinical utility of functional proteomics.

Nonmicrodissected tumor samples are also commonly used
for the RPPA analyses. Variability in multistep tissue-handling
process and apparent intratumoral heterogeneity is thought
to potentially hamper the clinical utility of the nonmicro-
dissected tumor samples in proteomics. However, the RPPA
technology demonstrated intraslide and interslide coefficients
of variability of less than 15% [25]. In one study, although
modest time-dependent instability of phosphoproteins at
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Figure 1. Supervised clustering of breast cancers with quantification data for 10 proteins derived using reverse-phase protein arrays. The 712
breast tumor samples (training set) (A) were clustered with the 10 markers using an “uncentered correlation” distance metric along with the Ward
linkage rule. This analysis yielded six subgroups (BG1-6). The 168 breast tumor samples (test set) (B) were subgrouped into one of six groups
(PG1-6) using the decision tree (C) that was derived from the training set. Patients in the six subgroups differed significantly in their recurrence-
free survival in both training (D) and test (E) sets. Reprinted from Gonzalez-Angulo AM, Hennessy BT, Meric-Bernstam F et al. Functional
proteomics can define prognosis and predict pathologic complete response in patients with breast cancer. Clinical Proteomics, 2011;8:11.

room temperature was evident, protein functional proteomic
signature (finger print) was robust in most tumors even when
it was maintained at room temperature for 24 hours before
freezing. Intratumoral protein levels were remarkably less
variable than intertumoral protein levels. Even between different
tumor samples, functional proteomic signatures of prognostic
implications were robust and reproducible. Moreover, signif-
icant correlation between IHC and RPPA was found among
breast cancer samples [25].

FUNCTIONAL PROTEOMICS IN CLASSIFICATION

Breast cancer being a clinically heterogeneous disease, an
effort to accurately classify breast cancer at a molecular level is
ongoing. Gene expression-profiling approaches have initially
separated breast cancerinto distinct subgroups, such as luminal,
HER2-enriched, basal-like, and normal breast-like [35]. With
further studies, the normal breast-like subtype was overlooked
as a possible artifact because of low tumor cellularity, and the
luminal subtype was subdivided into luminal A, luminal B/HER2-
negative, and luminal B/HER2-positive. These heterogeneous
molecular subtypes were distinct in biological and clinical charac-
teristics [4, 36). They demonstrated correlation with progression-
free survival, overall survival, and chemotherapy response
[37-39].

Because gene expression microarrays are relatively expen-
sive and not readily available, in practice, IHC is widely used to
molecularly classify breast cancer [40]. It has been demonstrated
that molecular classification by gene expression microarrays
has a high concordance rate with the IHC classification used
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inthe clinic [41]. Infact, PAM50, the 50-gene reverse transcription-
polymerase chain reaction test, is not currently used in the
clinic to make any treatment decisions.

We have previously demonstrated for the first time that
functional proteomic classification of breast cancer is feasible
and is of clinical relevance [42]. Using the RPPA platform with
146 validated antibodies relevant to breast cancer in three
independent tumor sets, including surgical resection samples,
we were able to identify six breast cancer subgroups from 10
protein panels (Fig. 1). Ten proteins were selected based on
their contribution to the differences among the new subgroups
and relapse-free survival (RFS) in patients who received neo-
adjuvant systemic therapy (NST). They were ER, PR, Bcl2, GATA3,
CCNB1, CCNE1, EGFR, HER2, HER2p1248, and EIG121. In addition
tovalidating theimportance of ER, PR, HER2, and proliferation-
related markers emphasized in previous gene expression-
profiling approaches, including the Oncotype DX, these findings
support the vital role of other protein markers that define
the 10 protein panels and the novel concept of using protein
panels to define subgroups of prognostic implications.

Recently, a pivotal multiplatform study of breast cancer by
The Cancer Genome Atlas (TCGA) confirmed the four heterog-
enous subgroups: luminal A, luminal B, HER2-enriched, and
basal-like [43].This study also used the RPPA platformin addition
to genomic DNA copy number arrays, DNA methylation, exome
sequencing, messenger RNA arrays, and microRNA sequencing.
Each group exhibited significant molecular heterogeneity. The
RPPA analysis identified two novel protein expression-defined
subgroups within the luminal group, possibly produced by
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stromal/microenvironmental elements, defined as reactive |
and reactive Il. In fact, seven RPPA clusters were identified
in total. They were termed HER2, luminal A, luminal A/B, X,
reactive |, and reactive Il.

Furthermore, the integrated analyses identified specific
signaling pathways dominant in each molecular subtype, in-
cluding a HER2/phosphorylated HER2/EGFR/phosphorylated
EGFR signature within the HER2-enriched expression subtype.
RPPA and mRNA microarray demonstrated a high correlation
between HER2 clinical status, HER2 protein by RPPA, pHER2,
EGFR, and pEGFR. These multiple signatures were able to identify
two subgroups within clinically HER2-positive tumors. These
signatures may represent predictive biomarkers for response
to anti-HER2-targeted therapies.

Gujral et al. [44] reported another RPPA-based breast
cancer classification using 56 breast cancers and matched
normal tissues. They classified breast cancers into 12 distinct
clusters with an average cluster size of 6 samples: HER2
coclustered in group Il with prosurvival signaling molecules
such as pAktl, pPI3K, pRSK3, pGSK38, PDGFRB, and insulin
receptor; progesterone receptor coclustered in group X with
Vavl, pelF4G, and pPLA2; and ER clustered by itself (group XI).
The groups in general reflected the known biology of receptor
tyrosine kinase cascade. For instance, phosphorylated forms of
extracellular signal-regulated kinase (pT202/pY204), mitogen-
activated protein kinase kinase (pS217/pS221), and S6K
(pS240/pS244) kinases made up group VIII, consistent with
the known topology of the mitogen-activated protein kinase
signaling and its significance in breast cancer.

FUNCTIONAL PROTEOMICS IN PROGNOSTICATION

Six breast cancer subgroups identified by the RPPA platform
developed by our group were associated with different RFS
(log rank p = 8.8 X 10 °) [42]. This was first found in a tumor
training set (n = 712) and then validated on atest set (n = 168)
in two cohorts of patients with primary breast cancer. A score
was created via ordinal logistic regression to quantify the prob-
ability of recurrence. With the strong bioinformatics support,
this was the first study to validate the utility of the RPPA
platform in capturing prognostic differences in different breast
cancer subgroups. Six proteomic signatures obtained from
resected breast cancer tissues in the nonmetastatic setting
accurately and reproducibly classified breast cancer patients
into six groups of patients with distinctly different 5-year RFS.

NST provides an excellent opportunity to assess in vivo
chemosensitivity by evaluating the resected surgical breast
cancer tissue. Attaining a pathological complete response (pCR)
following NST is a validated surrogate marker for improved
survival outcome [45-47]. Conversely, patients with residual
viable tumors after NST portend poor prognosis, suggesting
possible chemoresistance with the future therapy. These
patients have heterogeneous tumors with different biology.
Therefore, the use of the residual tumor tissues to identify
subgroups of patients with higher risk of recurrence presents
an exciting opportunity for functional proteomics.

Using the RPPA platform, we have recently found models
that independently predicted RFS in residual breast cancer
after NST [48]. This was the first study to analyze the residual
breasttumorafter NSTusing functional proteomics. RPPA of 76
proteins in test (n = 99) and validation (n = 79) sets with the
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CoxBoost method identified a three-protein panel that was asso-
ciated with RFS in all residual breast cancers. Three proteins were
CHK1pS345, Caveolinl, and RAB25. There was unsupervised clus-
tering of separated patients into two groups with different 3-year
RFS (p < .001) representing high and low relapse-risk groups.
Because breast cancer is a heterogeneous disease, the
same analysis was applied to ER-positive disease and triple-
negative breast cancer (TNBC) [48, 49]. A two-protein panel
model consisting of CD31 and cyclin E1 demonstrated cor-
relation with RFS in HR-positive tumors [48]. In a study analyzing
54 residual TNBCs, multivariate analysis using the top 25 proteins
from univariable analysis at the false discovery rate (FDR) of 0.3
revealed a five-protein panel model consisting of AKT, IGFBP2,
LKB1, S6, and Stathmin accurately predicted RFS [49] (Fig. 2). A
risk score (RS) was calculated with the sum of the coefficients from
the final Cox proportional hazard model for all tumors, HR-
positive tumors, and TNBCs. RS remained as a robust independent
predictor of RFS after adjustment for other clinic-pathological
characteristic such as tumor grade or stage (all p < .001).

FUNCTIONAL PROTEOMICS IN PREDICTION OF RESPONSE

TO THERAPY

Biomarkers of clinical implications can be divided into ones with
prognostic or predictive relevance. Whereas most gene expres-
sion profiling and proteomic studies describe subgroups of
different prognosis, few studies identified predictive bio-
markers for different cancer therapies. For example, clinically
HER2-positive breast cancers defined by IHC and/or FISH is
a compelling predictive biomarker for HER2-directed therapy
such as trastuzumab or lapatinb [50, 51]. However, there is still
a group of HER2-positive tumors that do not respond to HER2-
directed therapies. Also, some groups of HER2-negative tumors
with HER2 pathway activation depicted from the TCGA data
[43] may show benefit from HER2-directed therapies. With
the use of RPPA that can actually capture the HER2 and its
downstream pathway activation, we may be able to better
identify functional proteomic biomarkers that accurately
predict response for HER2-directed therapies. In fact, HER2
phosphorylation was reported to be associated with HER2
therapy resistance [52] and may be used for preselection of
HER2-positive breast cancer patients displaying resistance to
the first-line trastuzumab treatment. The same approach can
be applied to different novel targeted therapies. For example,
phosphatidylinositol 3-kinase (PI13K) pathway activation defined
from the RPPA could be a candidate biomarker to predict
response to PI3K pathway inhibitors in addition to the use of
genomic information such as PIK3CA mutation or PTEN loss.

With the use of RPPA that can actually capture the
HER2 and its downstream pathway activation, we may
be able to better identify functional proteomic
biomarkers that accurately predict response for HER2-
directed therapies. In fact, HER2 phosphorylation was
reported to be associated with HER2 therapy resistance
and may be used for preselection of HER2-positive
breast cancer patients displaying resistance to the

first-line trastuzumab treatment.
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B
Multivariable CoxPH model for all

patients

Protein HR 95% ClI p value
AKT 0.33 0.13 0.87 .02
IGFBP2 1.28 0.92 1.80 .15
LKB1 0.51 0.28 0.94 .03
S6 291 1.62 5.24 <.01
Stathmin 4.09 1.92 8.70 <.01
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Figure 2. Clustering into green and red groups depending on the expression levels of AKT, IGFBP2, LKB1, S6, and stathmin 54 residual triple-
negative breast cancers (A). Multivariable Cox proportional hazard model and calculated risk score (RS) (B). Optimal cutoff point at 1.457
(sensitivity versus 1; specificity for the RS in all 54 cases) (C). Receiving operating curve of the RS model (area under the curve = 0.856)
(D). Reprinted from Sohn J, Do KA, Liu S et al. Functional proteomics characterization of residual triple-negative breast cancer after standard

neoadjuvant chemotherapy. Annals of Oncology 2013;24:2522-2526.

Abbreviations: AUC, area under the curve; Cl, confidence interval; HR, hazard ratio.

Reliably predicting response to standard chemotherapy
isalsoanimportantunmet need. If we know in advance that
there is low likelihood of downsizing tumor with NST using
the conventional anthracycline and/or taxane regimen, NST
approach will be discouraged. Rather, upfront surgery followed
by investigational therapy approach may be considered. Our
group used the FNA samples from 132 patients who later
received NST to investigate the predictive value of the six
subgroups derived from the RPPA analyses [42]. Because pCR
after NST is a surrogate marker for survival outcome in breast
cancer [45-47], biomarkers predictive of pCR are of clinical
significance. The prognostic score constructed using the 10-
protein panel that defined six subgroups demonstrated a
significant association with likelihood of pCR to NST in the FNA
set (p = .002). This study provided the first proof of concept
that functional proteomics can be used to generate robust
predictive biomarkers in breast cancer.

FUNCTIONAL PROTEOMICS AS A DISCOVERY TOOL FOR
TARGETED THERAPY
One of the important roles of functional proteomics in clinical
breast cancer research is to discover potential targets for therapy.
The fact that RPPA enables more than 1,000 patient samples
(protein lysates in nanoliters) to be printed on one slide makes
it an ideal high-throughput discovery platform. Our group has
used RPPA to determine the molecular characteristics of
residual breast cancer after NST, which can provide significant
insight into the biology behind chemoresistance and lead to
identification of novel targets for future therapy [48, 49].
RPPA analysis of residual TNBC after NST found that a
protein panel model including Stathmin, AKT, and ribosomal
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protein S6 was associated with RFS. These proteins are known to
play arolein PTEN/PI3K/AKT/mTOR pathway [53, 54], suggesting
that activation of this PI3K pathway characterizes residual TNBC
and that suppression of this pathway may represent a novel
strategy to overcome resistance to the current standard NST.

Likewise, RPPA analysis of residual HR-positive breast
cancer after NST identified cyclin E to be part of the final two-
protein panel model that correlated with RFS. Cyclin Eisa cyclin
family protein that forms a complex with cyclin-dependent
kinase (CDK2) tofacilitate the G; to S phase transition. Cyclin E/
CDK2 phosphorylates retinoblastoma protein to promote G4
progression [55]. Of note, cyclin Eisaknown prognostic marker
in breast cancer, its expression being increased with the
increasing stage and grade of the tumor [56]. Our group has
previously reported that breast cancer patients with over-
expression of low molecular weight cyclin Efailed torespond to
aromatase inhibitors [57]. Recently, the use of CDK inhibitors in
combination with aromatase inhibitors has shown promising
results in HR-positive breast cancers. In the randomized
phase Il interim analysis, addition of palbociclib (PD-0332991;
Pfizer, New York, NY, http://www.pfizer.com), a CDK inhibitor, to
letrozole compared with letrozole alone prolonged median
progression-free survival from 7.5 months to 26.1 months
(hazardratio = 0.37,p <.001) [58]. Infact, thereis an ongoing
multicenter randomized phase Ill trial with palbociclib with
Food and Drug Administration breakthrough therapy designation
(NCT01740427). All of the above findings corroborate the
utility of functional proteomics as a major discovery tool for
identifying novel targets for therapy.

Recently, interaction between cMET and Axl was suggested
based on the RPPA breast cancer clustering and network
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analysis [44]. Both cMET and Axl have been implicated in the
pathogenesis of breast cancer and in resistance to anticancer
therapies. However, the two receptor tyrosine kinases are not
known to be functionally associated. Interestingly, the cross-
talk between the two was further verified with in vitro experi-
ments suggesting that dual tyrosine kinases targeting cMET
and Axl may play a role in breast cancer therapy [44]. It can be
speculated that, among cMET pathway inhibitors, bispecific
receptor inhibitors such as small kinase inhibitors including
GSK1363089, BMS-777607, or MP470 may be more efficacious
than the monospecific therapeutic antibodies currently in
development, such as MetMAb.

LIMITATIONS OF THE FUNCTIONAL PROTEOMICS APPROACH
Using RPPA

One of the major limitations of RPPA is that it requires a set of
validated antibodies. The performance of RPPA is dependent
on the quality of the antibody. Therefore, rigorous antibody
validation for RPPA is critical to ensure that the detected
signals are representative of the proteins of interest. The
other limitation of RPPA is that it requires prior knowledge of
proteins being tested. Validated antibodies are selected for
a specific RPPA analysis usually based on their known rele-
vance to breast pathogenesis, possibly introducing a bias to the
study. Therefore, mass spectrometry is generally recommen-
ded when the aim of a study is to discover proteins previously
not known to be associated with the disease process. Also,
developing a model that correctly predicts clinical outcome
requires meticulous application of relevant bioinformatics
algorithms. Therefore, developing reliable biomarkers from the
RPPA platform will require strong skill sets in bioinformatics.

CONCLUSION

We have shown that functional proteomics research in breast
cancer is feasible and is of utmost clinical relevance. Allied
with genomics, the functional proteomics approach will be
essential to improving diagnosis through better classification
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