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observed NET and all LC-MS runs could be compared on
scales of the NET. To apply their methodology across differ-
ent laboratories, at least the following three requirements
must be satisfied (i) NET predictors should be available,
(i) analytical columns as well as the mabile phase should be
identical, and (ii) not only the variables but also the func-
tions for conversion should be optimized for each laboratary.
However, even if these requirements were met, the above
approach cannot be applied to cases where retention time
reversal [99] occurs between different gradients due to the
sensitivity of peptide retentions to changes in the concentra-
tion of organic solvents.

As an alternative approach, we investigated whether log
kg (logarithm of retention factor for a given organic solvent)
of the linear solvent strength (LSS) theory [99] can be utilized
as a peptide-specific "universal® retention index that is inde-
pendent from LC gradients and depends solely on the con-
stituent of the mobile phase and columns. We introduced a
machine learning scheme to optimize the transformation
function between retention times and log k, With the opti-
mized function, peptide-retention data obtained from differ-
ent gradients can be compared on scales of log kyand used
among different laboratories performing multiple experi-
ments including retention-time reversal [100, 101] (Shinoda
¢t al, submitted).

Each of these approaches has its own computational
requirements and implicit challenges based on how the data
are preprocessed. Our laboratory continues to study the
extensive application of new machine learning techniques
not only to predictions but also to the “standardization” of
peptide-retention times.

6 Conclusions and perspectives

Machine-learning methods have been explored as valuable
tools for predicting peptide retention times. A number of
studies have consistently demonstrated the usefulness of
these methods for predicting peptide retentions and their
applicability to peptide identifications in proteomic studies.
Because of their m/z-independent nature, these methods are
useful for studying complex proteomic samples that cannot
be completely analyzed by current protocols. Furthermore,
they can be applied to the expression profiling of a sub-
stantial number of unknown ORF in many of the currently
completed genomes [102]. Existing algorithms can be
impraved and new algorithms may be introduced to enhance
the performance and accuracy of machine-learning methods.

The extensive application of new machine-learning tech-
niques not only to predictions but also to the “normalization”
and “standardization” of peptide-retention times is desirable
to accelerate the inter-lab y use of retention time pre-
dictors and the utilization of published proteomic LC-MS
data. When assessing the performance of the new predictive
madels, two-deep cross-validations are preferable to avoid
optimistically biased results and over-fitting.
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In this review we focused on the application of peptide
retentions for identifications; however, retention parameters
can also be utilized for quantifications. A proteatypic peptide
probe (P3), that is, a frequently obssrvable peptide that
uniquely identifies 2 specific protein or protein isoform, has
come into use as a target for high-throughput protein quan-
tification. The accumulation of large-scale P3 datasets [103,
104] has accelerated the transition in current proteomics
from a discovery to a scoring phase [105]. The normalization
of obtained P3 retention-time data using the abave machine-
learning techniques and the application of targeted MS scans
to the retention-time range are possible applications.

Models for predicting the retention times of peptides
with PTM (e.g. phosphopeptides) are needed. Recent studies
have shown that contrary to general expectations, synthetic
phosphopeptides were eluted at almost the same position, or
slightly more slowly, than the corresponding nonphos-
phopeptides from a C18 column [106, 107]. The further
acquisition of this type of datz and the machine learning
techniques described herein will facilitate the accurate pre-
diction of phosphopeptide retention times and false-positive
identifications may be excluded in current phospho-prote-
omic experiments on the basis of distinctive retention times.

Machine-learning approaches will be applied to predict
the retention time of peptides separated by other chroma-
tography modes such as ion-exchange chromatography and
hydrophilic interaction chromatography for further quality
assurance. This will add another dimension of confidence
and will be especially useful to research groups that use on-
line (e.g MudPIT) or off-line 2-D chromatography for peptide
separation /fractionation.

Due to the rapid progress in proteomics, the prediction
capability of machine-learning methods is further enhanced
by the increasing availability of large-scale data that gen-
erates variability of peptide sequences and more extensive
knowledge about primary sequences, PTM, and structures
that define the chromatographic behavior of peptides.
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Abstract, This chapter aims to give a comprehensive insight into
the possible clinical value of diagnostic and prognostic molecular
markers in breast cancer. So far, genetic models for progression of
breast cancer have not been developed; however, it is now well
established that cancer is caused by the accumulation of genetic
changes in a specific cell, and breast cancer can exhibit a
tremendous range of alterations of oncogenes and tumor suppressor
genes as well as allelic loss and microsatellite instability. Of
clinical importance, BRCA! and BRCA2 are the major breast
cancer predisposition genes, and HER2 represents an excellent
example of the translation of basic science to clinical practice.
Moreover, molecular cloning of estrogen receptor (ER)B and
ERfcx has lead to a paradigm shift in our understanding of estrogen
action. In parallel, polymerase chain reaction (PCR) technology has
brought the ability to amplify exponentially a previously
undetectable amount of nucleic acid to a detectable level, providing
a tool not only for molecular diagnosis, but also for molecular
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detection of micrometastasis or minimal residual disease. For molecular
diagnosis, PCR assays for loss of heterozygosity, methylated alleles, or
telomerase have now enabled noninvasive detection of small numbers of
cancer cells. Moreover, reverse transcriptase-PCR could be used for the
detection of micrometastases in lymph nodes, bone marrow, peripheral blood,
and other body fluids. Candidate targets include carcinoembryonic antigen,
cytokeratin 19, maspin, and mammaglobin. Thus, the rapid development of
molecular technology has provided an opportunity for understanding the
biology of breast cancer initiation and progression, and the heterogeneous
nature of the disease. Ultimately, the use of these techniques will allow us to
tailor the management of patients with breast cancer.

Introduction

In Japan, the incidence rate from female breast cancer has increased in
recent years. In 2002, the age-adjusted incidence rate for female breast cancer
was 52.2 per 100,000, ranking it the most frequent site of cancer in women
[1]. So far, diagnostic and prognostic information has been based on cellular
morphology, as little was known about the molecular pathology of breast
cancer. Moreover, unlike colorectal cancer, genetic models for progression of
breast cancer have not been developed. However, it is now well established
that cancer is a disease of the genes, and that the phenotype of malignancy is
often genetically determined. In agreement with this concept, knowledge has
accumulated of genetic alterations in oncogenes and tumor suppressor genes
as well as allelic loss and microsatellite instability, in breast cancer. Of
clinical importance, several genes responsible for hereditary breast cancer
have now been isolated, and an understanding of receptor function and co-
regulatory molecules for the estrogen receptor (ER) and the progesterone
receptor (PR) has begun to lead to better therapies. Further, targeting therapy
toward molecular components preferentially overexpressed by breast cancer
cells has become a widespread approach. In addition, recent advances in
molecular technology have provided the tools not only for molecular
diagnosis but also for molecular detection of micrometastases in lymph nodes
(LNs), bone marrow (BM), peripheral blood (PB) and other body fluids. This
chapter aims to give a comprehensive insight into the possible clinical value
of molecular markers in breast cancer.

I. Gene alterations in breast cancer

Breast cancer can exhibit a tremendous range of genetic and chromosomal
alterations. However, common lesions include oncogenes (HER2, c-mye,
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cyelin DI, etc) and suppressor genes (7P53, BRCAI, BRCA2, E-cadherin,
etc) (Table 1). In general, gene activation appears to be a common
mechanism for oncogenes, whereas tumor suppressor genes are characterized
primarily by point mutation, methylation, and loss of heterozygosity (LOH).
Interestingly, a number of tumor suppressor genes involved in the initiation
and progression of breast cancer have been mapped to chromosomes 17, 16,
11, 10 and 9, which have been reported to show a high rate of LOH in breast
cancer. In the following section, we summarize the commonly described
genetic alterations associated with hereditary and nonhereditary forms of
breast cancer.

1. Genetic predisposition to breast cancer

Women who have close relatives with breast cancer are at an increased
risk of developing breast cancer themselves. The majority of breast cancers
are sporadic, and familial clustering of breast cancer may be coincidental;
however, major breast cancer predisposition genes that are inherited in an
autosomal dominant fashion may be responsible for an increased risk of
breast cancer in some families (Table 2). Of all women with breast cancer,
about 25 to 30% have a close family member with breast cancer, and 5 to
10% of breast cancer is due to cancer predisposition genes [2].

Cancer can occur in any cell, either somatic or germ line, that contains a
nuclens, but inheritance requires a mutation in the germ line that will be
passed on to the next generation at conception. Among several causative
genes, mutation in BRCAI and BRCA2 may be responsible for as much as 80 %
of inherited breast cancer [3]. Both are tumor-suppressor genes, located on
chromosomes 17q21 [4], and 13ql12-13 [5] respectively, and their
ubiquitously expressed protein products are involved in the maintenance of
genome integrity, including DNA repair and recombination, checkpoint
control of cell cycle, and transcription [6]. Despite few similarities between
these products, they appear to co-operate in one or more DNA damage
response pathways. So far, most of the mutations described in the BRCA
genes are frameshift, nonsense, or splicing mutations that lead to premature
protein truncation, and their discovery has made it possible to offer predictive
genetic testing for women at high risk of breast cancer.

Germline mutations in BRCA! and BRCA2 are associated with an
increased risk for developing breast cancer and ovarian cancer, and to a lesser
extent, colon cancer and prostate cancer for BRCAI, and male breast cancer
and pancreas cancer for BRCA2. It is estimated that the cumulative risk of
developing breast cancer among women with BRCA I mutations is 50% at age
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50 and 87% at age 70; for women with BRCA2 mutations, it ranges between
40% and 80% at age 70 [3, 7]. In addition, the lifetime risk of ovarian cancer
in female carriers with BRCAJ] mutations is around 30 — 40%; in BRCA2
mutation carriers, it is approximately 20%.

As these estimates are based on studies of families at high risk of breast
cancer, often including as many as 10 affected members, the study design
may lead to very high estimates of penetrance. In fact, several population-
based studies have demonstrated that the frequency of BRCAJ and BRCA2
mutations is much lower than expected from data based on these rare and
large high-risk families [8-10]. However, meta-analysis has revealed that
women with such genetic abnormalities and a strong family history of breast
cancer are still likely to possess a much higher risk for breast cancer than are
women with such abnormalities but without a strong family history [11]. In
Japanese women with a modest to minimal family risk, defined as those
having at least one breast cancer or ovarian cancer patient in their first degree
relatives, the frequencies of BRCAJ and BRCA2 mutations were 13.3% and
18.6%, respectively [8]. Families at high risk for carrying BRCAJ and
BRCA2 mutations could be predicted by family history profiles characterized
by first-degree relatives with ovarian cancer or breast cancer along with
young age at diagnosis (40 years old or less), bilateral occurrence and
increased number of affected relatives [8].

Thus, mutations of BRCA ! confer increased risk for breast cancer, but it
is not clear why the mutations are associated with breast cancer. One study of
particular interest indicated that BRCA1 could inhibit ER transcription [12],
suggesting that wild-type BRCA1 suppresses estrogen-dependent
transcriptional pathways related to mammary epithelial cell proliferation and
that loss of this ability contributes to tumorigenesis. In agreement with these
findings, bilateral prophylactic oophorectomy is associated with a reduced
breast cancer risk in women who carry a BRCA1 mutation [13].

Clinically, BRCA-associated hereditary breast cancer displays unique
clinicopathological features compared with sporadic breast cancer [14-18].
For example, there is a higher frequency of medullary carcinoma in BRCA1
mutations and lobular carcinoma in BRCA2 mutations. Furthermore, breast
cancer in patients with BRCAJ mutations generally presents with high grade,
highly proliferative, aneuploid tumors. These features have also been
observed in patients with BRCA2 mutations, although this association appears
weak. BRCAI-related tumors are generally receptor-negative, whereas this
does not appear to be the case with BRCA2-related tumors. Similarly, a lower
frequency of HER2 overexpression was observed in tumors with BRCA]
mutations compared with sporadic cases [19, 20], whereas there is no
difference in frequency between BRCA2 related tumors and sporadic cases.
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On the other hand, a higher frequency of 7P53 mutation has been observed in
BRCA-related breast cancer [21], but this was not found in another report
[20]. With respect to prognosis, the majority of studies have reported either
no difference or only slightly worse survival in patients with BRCAJ
mutations [20, 22], despite the pathologic features of BRCAI-related tumors
that are associated with poor prognosis. In contrast, BRCA2-related breast
cancer seems more heterogeneous than the BRCA 1 phenotype, and not clearly
different from sporadic forms [23].

2. Oncogenes

Among several oncogenes, the most important in breast cancer is
HER2/neu (also known as c-erbB-2). This is located on 17921, and encodes a
transmembrane glycoprotein of 185 kilodaltons with intrinsic tyrosine kinase
activity [24]. HER2 belongs to the epidermal growth factor (EGF) receptor
(EGFR) family, which includes four known members (HER1, HER2, HER3,
and HER4), and has molecular homology to EGFR. So far, no ligand has
been identified for HER2; however, following ligand-dependent activation of
HERI1, HER3, or HER4 by EGF or heregulin, HER2 is activated by
heterodimerization, resulting in activation of diverse subcellular signal
transduction pathways [25-27], and thus HER2 appears to play a central role
in HER signaling.

HER2 amplification is restricted to carcinoma of glandular epithelial
origin, and is at least three times more common in breast cancer than in
adenocarcinomas of other sites. Amplification or overexpression of HER2
has been found in 10-40% of primary breast cancer [25, 28]. Interestingly,
HER2 has been identified in a high proportion (60-80%) of ductal carcinoma
in situ of high grade, comedo-type, but is not common in the low nuclear
grade forms [29, 30]. On the other hand, HER2 is very rarely expressed in
lobular carcinoma in situ. HER2 has not been identified in benign
proliferative disease including radial scar and atypical ductal hyperplasia
[31]. However, low-level HER2 amplification in benign breast biopsies was
associated with increased risk of subsequent breast cancer [32]. In this study,
HER2 overexpression was not detected in any of the benign breast tissues.
Thus, HER2 may have arole in the inception of breast cancer.

Initially, HER2 was identified as a marker of advanced-stage and poor
prognosis, as it was associated with lymph nodes metastases, short relapse
time, poor survival, and decreased response to endocrine therapy and
chemotherapy [28, 33]. Because about one-third of ER and/or PR positive
tumors do not respond to endocrine therapy, several retrospective studies
have addressed the association of HER2 overexpression and decreased
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efficacy of tamoxifen [34-36], but not all studies concur [37, 38]. Thus, the
biologic classification of tumors by HER2 status as responsive or not to
endocrine therapy has been difficult [39]. In this respect, however, it is
interesting to note that tamoxifen can behave as an estrogen agonist in breast
cancer cells expressing high levels of the co-activator, AIB1 and Her2,
resulting in de novo tamoxifen resistance [40]. Moreover, in a study of
preoperative endocrine therapy, ER positive, HER1 positive, and/or HER2
positive primary breast cancer responded well to letrozole, an aromatase
inhibitor, but responded only infrequently to tamoxifen [41]. This result may
be consistent with the observation that ER positive, HER2 positive tumors
are highly estrogen dependent [42], and that MEKKI, a down-stream
mediator of signaling by HER1 and HER2, activates the ER and stimulates
the agonist activity of tamoxifen [43]. Aromatase inhibitors block the
conversion of adrenal androgens to estrogens, which leaves the ER in target
tissues deprived of ligand, and thus ER becomes inactive, monomeric and
unable to bind DNA in ER positive, HER1 and/or HER2 positive tumors. As
for chemotherapy, several studies have suggested that HER2 overexpression
is predictive for the response to anthracycline-based adjuvant therapy [44-
46]. Similarly, in one study using fluorescence in situ hybridization (FISH),
anthracycline-based therapy was more effective than cyclophosphamide,
methotrexate and 5-fluorouracil (CMF) in the subgroup of HER2 amplified
patients with node positive breast cancer [47]. In addition, the CALGB 8541
study found a significant dose-response effect of adjuvant cyclophosphamide,
doxorubicin and 5-fluorouracil (CAF) in node-positive patients with
amplified or overexpressed HER2 [44-46]. In this study, maximal benefit was
achieved at 60 mg/m?, which is now considered to be the standard dose of
doxorubicin. Interestingly, in breast cancer cells, HER2 amplification
increased the activity of topoisomerase Ila (topo II), leading to increased
sensitivity to topo II inhibitors such as anthracyclines [48]. The ropo II gene
is located on 17q12-q21, close to the HER2 gene, and several studies have
indicated that fopo II amplification only occurs with concurrent HER2
amplification [49-51]. Furthermore, co-amplification of HER2 and fopo II in
breast cancer cells conferred extreme sensitive to anthracyclines, whereas
HER2 but not topo II amplified cells showed an intermediate degree of
sensitivity to anthracyclines [49]. Thus, it is possible that the predictive value
of HER2 regarding amhracyclme based therapy over evelophesphamide;

MF) is explained by the concomitant
amplification of topo IT [47]. In contrast, in an anthracycline and taxane
neoadjuvant chemotherapy study by Rody et al [52], HER-2, but not topo II,
is highly predictive of tumor response. Based on these findings,
anthracycline-based therapy seems to be preferred for HER2 positive
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patients; however, when anthracyclines are contraindicated, CMF-like
therapy should not be withheld from patients who overexpress HER2, as
HER2 positivity does not convey absolute resistance to non-anthracycline-
based regimens [39). In contrast, in a recent study of anthracycline-based
neoadjuvant chemotherapy in endocrine non-responsive Her2/neu-positive
breast cancer [53], topo I gene status was predictive of pathological
complete remission. Thus, further prospective studies should investigate the
predictive value of co-amplification of HER2 and topo I1.

Importantly, HER2 represents an excellent example of the translation of
basic science to clinical practice. Its product, HER2, is a molecular target of
the humanized monoclonal antibody trastuzumab (Herceptin) for the
treatment of breast cancer [54, 55]. The activity of this agent is highly
dependent on the HER2 status of the tumor. There are currently several
different methods to evaluate HER2 status, the most common being
immunohistochemical staining (THC) and FISH [56]. Both results are often in
agreement, but in cases with stain intensity of +1 or +2 by IHC, the
interobserver agreement is poor and the predictive value is unsatisfactory for
clinical use [57, 58]. Therefore, additional testing using FISH is
recommended [58-60]. Similarly, equivocal result of FISH requires THC
assessment for final determination [56]. Otherwise, the proportion of
phosphorylated HER2, which is indicative of activation, may provide more
significant and additional information for the prediction of response to
trastuzumab [61].

3. Tumor suppressor genes

In contrast to hereditary breast cancer, few mutations of BRCA/ and
BRCA2 have been found in sporadic breast cancer [62, 63]. However, it is
interesting to note that BRCA! mRNA levels were decreased in sporadic
breast cancer compared with normal breast tissues [64]. Furthermore,
BRCA1 expression was decreased or undetectable in high-grade breast
cancer [65]. Thus, BRCAl may also be involved in the progression of
sporadic breast cancer. Aberrant methylation of the BRCAI promoter may be
one mechanism for decreased expression of BRCAIl [66], and
hypermethylation of the BRCAI promoter was strongly associated with
negativity of ER and PR [67]. In contrast, a role for BRCA2 inactivation
remains unclear in sporadic breast cancer.

The 7P353 tumor suppressor gene is located on chromosome 17p13.1, and
encodes a nuclear phosphoprotein. p53 is a key component of a cellular
emergency response mechanism that converts a variety of intra- and
extracellular stress signals such as DNA damage, as well as conflicts between
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positive and negative proliferation stimuli, into growth arrest or apoptosis.
TP53-dependent mechanisms eliminating abnormal cells are highly efficient
and provide a potent shield against proliferation and survival of cells that
have been exposed to damage or have suffered faults in cell duplication and
interaction with their neighbors. Therefore, without damage to, or reduced
activity of, the p53 pathway, the carcinogenesis process is virtually
impossible. Indeed, 7P53 mutations, most of which are missense mutations,
are the most common genetic alteration in human cancer. The mutated TP33
is able to oligomerize with the product of the wild-type allele, thus exerting a
dominant negative effect [68]. In addition, missense mutations in 7P53
increase the stability of p53 protein, resulting in a protein that can be detected
by IHC. Therefore, IHC has been used extensively in the study of TP353
alterations in human cancer, and 25-50% of breast tumors are positive for p53
by IHC. Clinically, 7P53 mutations or protein overexpression are frequently
found in medullary and ductal carcinomas, but not in lobular, mucinous or
papillary carcinomas, and breast cancers with 7P353 mutations are in general
highly aggressive and associated with negative hormone receptor status and
high histological grade [69]. Until now, a number of studies have linked
TP53 overexpression to poor prognosis of breast cancer, and a meta-analysis
has also suggested that 7P33 mutations confer an independent relative risk of
1.7 for both disease-free survival and overall survival [70]. However, IHC for
TP33 will miss 7P53 deletions. Moreover, TP53 may have functional duality,
as p53 reactivation in p53-deficient tumors could induce either programmed
cell death or cellular senescence, butTP53 inhibitory therapies could also be
used to prevent the recovery of therapy-damaged tumor cells [71]. Thus,
there is still a lot to be discovered about p53.

4. Cell survival and apoptosis related genes

Telomeres are long tandem repeat sequences at the ends of all eukaryotic
chromosomes, and function to maintain chromosomal integrity during cell
division. As the majority of normal somatic cells do not express the
ribonucleoprotein enzyme telomerase, they are unable to maintain their
telomere length, and thus with each cell division the ends of chromosomes,
consisting of the telomeric repeats TTAGGG, progressively erode. In
contrast, it is now well established that telomerase activation is one of the
mechanisms by which cancer cells evade death and achieve immortalization.
Interestingly, use of the telomeric repeat amplification protocol (TRAP)
assay has detected telomerase activity in more than 95% of advanced breast
cancers, whereas it was absent from 19-32% of less advanced cancers [72]. In
this study, some benign tumors of breast, such as fibroadenoma, also had low
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but detectable telomerase activity. To date, the TRAP assay, which is based
on the polymerase chain reaction (PCR), is the most widely used strategy for
detecting telomerase activity; however, quantitative analysis of telomerase
activity by methods such as fluorescent based real time PCR appears to be
useful to distinguish cancer from benign tumors [73]. In addition, telomerase
activity was detectable in ductal carcinoma in situ lesions [74]. These lesions
appear to be heterogeneous with respect to telomerase activity, and
telomerase activation may precede the development of invasive cancer. If so,
telomerase activity may be a useful adjunct in stratifying the risk of
developing invasive breast cancer in patients with ductal carcinoma in situ.

So far, very few data are available regarding the prognostic significance
of telomerase activity in breast cancer, although one study has demonstrated
that levels of telomerase activity correlated with clinical outcomes and
several prognostic indicators [75]. In contrast, another study failed to show
any prognostic significance of telomerase activity [76]. Regulation of
telomerase activity correlates with the expression of two major components,
human telomerase RNA (hTERC/hTR), and human telomerase reverse
transcriptase (hTERT), and therefore detection of both hTR, either by
Northern blot analysis or by in situ hybridization, and hTERT, by reverse
transcriptase(RT)-PCR, appears to be an important subject for further studies
in breast cancer [77, 78).

Apoptosis (programmed cell death) is a physiological process that is
crucial to the growth and development of multi-cellular organisms, and
abnormality in the control of apoptosis plays an important role in
tumorigenesis. Among a large number of genes implicated in the regulation
of apoptosis, BCL2 was the first shown to lead to prolonged survival of cells
by inhibiting apoptosis. BCL2 belongs to the BCL2 family, which comprises
at least 17 pro-apoptotic and anti-apoptotic members. Some of these family
members, such as BCL2, BAX and BCLX, are expressed in normal breast,
and their altered expression in breast cancer has been investigated. For
example, loss of BAX, a pro-apoptotic protein, is a prognostic indicator of
poor response to chemotherapy and shorter survival in metastatic breast
cancer [79]. In a similar study, BCL2 expression was positively correlated
with improved survival following endocrine therapy or chemotherapy with
CMEF [80]. Moreover, BCL2 showed an inverse relationship with HER2 and
p53, whereas a strong positive relationship was seen between BCL2 and ER
[81]. The prognostic role of BCL2 was supported by a recent meta-analysis
[82]. Thus, BCL2 positive and BCL2 negative breast cancers have distinct
phenotypes, and BCL2 expression seems to be indicative of a less aggressive

phenotype.



12 Katsumasa Kuroi & Masakazu Toi

It is generally accepted that BCL2 mainly exerts its anti-apoptotic effect
by heterodimerization with pro-apoptotic members of the BCL2 family such
as BAX [83]. Interestingly, phosphorylation of BCL2 reduces heterodimer
formation with BAX, decreasing or inactivating the antiapoptotic function of
BCL2 [84, 85]. In agreement with these studies, Shitashige et al [86]
demonstrated that the phosphorylation of BCL2 at serine 70 destroyed its
binding affinity for BAX, and that BCL2 kinases or their activators were
synthesized de novo after treatment with paclitaxel, leading to
phosphorylation of BCL2 in a time- and dose-dependent manner. In this
study, using polyclonal antibody against phosphorylated S70-BCL2 (pS70-
Bcl2), the expression of pS70-Bcl2 correlated with the response to paclitaxel
and docetaxel in breast cancer, suggesting that phosphorylation of BCL2
might be predictive for the response to taxanes.

Among the inhibitors of apoptosis (IAP), survivin is characterized by a
unique structure with a single baculovirus TAP repeat and no zinc-binding
domain (RING finger), and by selective tissue distribution in cancer but not
in normal adjacent tissues [87]. Survivin is repressed in the G1 phase of the
cell cycle, but is highly expressed in G2/M, and the expression of survivin is
negatively regulated by p53 [88]. By binding the mitotic spindle during
mitosis, survivin may counteract a default induction of apoptosis in G2/M
phase [89, 90]. Thus, the expression of survivin is cell cycle-dependent, and
the overexpression of survivin in cancer may overcome this apoptotic
checkpoint and favor aberrant progression of transformed cells through
mitosis. In fact, silencing survivin gene expression could promote apoptosis
of human breast cancer cells through a caspase-independent pathway [91],
and expression of survivin was positive in 70% of tumors and was strongly
correlated with BCL2 expression and reduced apoptotic index in breast
cancer [92].

5. Metastasis suppressor genes

E-cadherin is a transmembrane glycoprotein that functions as a cell
adhesion molecule through its attachment to the actin cytoskeleton via a-, f3 -,
y-catenin. Therefore, loss of function of cadherin or catenin will promote
metastatic progression. In fact, a high frequency of LOH at the E-cadherin
(CDH1) locus on 16q24 has been reported in lobular carcinoma [93]. In
contrast, although expression of E-cadherin was reduced in invasive breast
cancer [94], inactivating point mutations in the CDHI gene have never been
found in invasive ductal carcinoma [93, 95]. These findings may offer a
molecular explanation for the typical scattered tumor cell growth in invasive
lobular carcinoma. As for the clinical significance of E-cadherin expression,
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it is interesting to note that a recent systematic review by Gould Rothberg et al
[96] has demonstrated that reduced or absent E-cadherin expression
significantly increase the risk of all-cause mortality.

Other important genes are nm23-H1 (NMEI) and nm23-H2 (NME2)
located on 17g21.3. These encode nucleoside diphosphate kinase A and B,
respectively. Decreased expression is the key parameter that determines
metastatic potential, and may occur through a variety of mechanisms, such as
LOH or methylation [97, 98]. However, NME] is rarely inactivated by point
mutations [99]. Reduced expression of NME! was associated with a highly
metastatic phenotype in many epithelial tumors [100, 101], and high NME]
mRNA levels were correlated with LN negative status, less aggressive
disease and longer disease-free and overall survival in breast cancer [102].
However, association with LN metastasis and the long-term prognostic value
of this gene has been questioned in other studies [103-106].

6. Multidrug resistance genes

Multidrug resistance (MDR) is one of the major reasons for the failure of
cancer chemotherapy. MDR can be intrinsic or acquired, and is a
multifactorial phenomenon involving several specific and nonspecific
mechanisms. For example, increased level of thymidylate synthetase, altered
expression of Topo II, and enhanced detoxification by glutathione-linked
enzyme systems can cause clinical drug resistance [107-111]. Moreover,
recent molecular investigations in MDR have identified several genes coding
for multidrug resistance 1 (MDRI1)/P-glycoprotein (P-gp), multidrug
resistance-related protein 1 (MRP1), breast cancer resistant protein (BCRP),
and lung resistance-related protein (LRP). These transmembrane proteins
cause MDR either by decreasing the total intracellular retention of drugs or
by redistributing intracellularly accumulated drugs away from target
organelles [112].

The best characterized genes responsible for the MDR phenotype are
MDR] and MRPI. Both belong to the ATP binding cassette (ABC)
transporter gene family, and act as a membrane-associated ATP-dependent
efflux pump or an ATP-dependent organic ion transporter, respectively [112].
. Overexpression of MDRI reduces the accumulation of chemotherapeutic
drugs such as anthracyclines and taxanes inside cells. and results in the MDR
phenotype. However, the contribution of these MDR (transporters to
chemotherapeutic failure in human breast cancer remains to be proven [113-
116]. Several methods are available to investigate MDR. ©One approach to
establishing the clinical significance of these transporters is to investigate the
effects of specific inhibitors of each system. Furthermore, **Tc-Sestamibi
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scintigraphy appears to be a novel technique to characterize the function of
MDR transporters in vivo [117, 118].

I1. Hormone receptors

Estrogen exposure is the most important factor in breast tumorigenesis:
risk for developing breast cancer increases with extended lifetime exposure to
estrogens, whereas it decreases following oophorectomy. Furthermore, it has
become clear that estrogen influences the expression of the PR through the
ER, and that breast cancers are dependent for growth on estrogen or
progesterone, acting through the ER or the PR, respectively. Both receptors
belong to a superfamily of nuclear hormone receptors including other steroid
hormone receptors, thyroid hormone receptors, vitamin D receptors and
retinoic acid receptors. These receptors share a common structural and
functional organization, and function as transcription factors when they are
bound to their respective ligand. Fig. 1 shows the functional domains of the
ER, designated A through F.

On estrogen binding at the ligand binding domain (LBD), ER forms a
homodimer and binds to DNA through its DNA binding domain (DBD) with
high affinity at a specific site, the estrogen response element (ERE), which
exists in the enhancer region of target genes. Thus, the ER influences the
expression of estrogen-responsive genes, including the PR, which are
important in mitogenic signaling [119] (Fig. 2). These processes are regulated
by receptor coregulating proteins. In the inactivated state, corepressor
proteins bound to the receptor inhibit receptor function. When estrogen binds
to the ER, corepressor proteins are replaced by coactivators which relax DNA
and facilitate the recruitment of transcription factors to the complex, all of
which serves to enhance transcription. Importantly, transcription is stimulated

DBD LBD
aa 1 38 180 263 302 553 595
NH2{ A | B | c]| D] E |F |-coOH
=AFA AF-2
Dimer Dimer

Figure 1, Schematic diagram of ERa. ER contains 595 amino acids with functional
domains labeled A through F. DBD and LBD indicate DNA binding domain and
ligand binding domain, respectively, and the regions important for dimerization
(Dimer) and transactivation function (AF-1, AF-2) are shown.
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Figure 2. Model of agonist activity of ERa. In the inactivated state, DNA-bound
histone deacetylase results in tight coiling of DNA, and co-repressor proteins bound to
receptor inhibit receptor function, When ligand (estrogen) binds receptor, corepressor
proteins are replaced by co-activators, and co-activators relax DNA and facilitate the
recruitment of transcription factors to the complex, all of which serves to enhance
transcription.

through at least two distinct transactivation domains, activation function
(AF)-1, a hormone-independent amino-terminal ER activation domain
located in the A/B region, and AF-2, a hormone-dependent, carboxy-terminal
activation domain located in the E region. Although both AF-1 and AF-2 are
required for maximal ER transcriptional activity in most cellular
environments, AF-land AF-2 can function independently [120]. When AF-2
is required for transcriptional activity, antiestrogens such as tamoxifen
function as antagonists; however, where AF-2 is not required and AF-1 is
sufficient for ER transcriptional activity, tamoxifen can function as a partial
agonist on an ERE based reporter gene [121]. Thus, the function of AF-1 or
AF-2 depends strongly upon promoter context, and the antagonist activity of
tamoxifen arises from their intrinsic inability to activate AF-2. These
observations provide a possible molecular explanation for the tissue-specific
partial agonist properties of tamoxifen.

Clinically, approximately two-thirds of breast cancers express ER protein
as assayed by ligand binding or IHC; however, [HC analysis of ER and PR is
now becoming the predominant method [122]. Currently, ER and PR status
are the only firmly established predictive factors for endocrine therapy.
Endocrine therapy contributes significantly to prolongation of the disease-
free survival, whereas breast cancers lacking ER rarely respond to endocrine
therapy and are associated with a lower grade of histological differentiation,
higher growth fraction and worse clinical outcome. Therefore, hormone
resistance is a challenging problem in treatment of breast cancer, and loss of
ER expression is an important cause of hormone resistance. The absence of
PR from ER positive tumors generally implies that the ER is not active in
vivo. In contrast, loss of ER may be due to a genomic deletion, mutations or
rearrangement of the gene, or down-regulation of transcription at the protein



