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AIMS OF THE STUDY

® To evaluate the gene expression profiles in preoperative tissue (core needle
biopsies) while the tumor is still in its normal milieu to postoperative tissue
from the same tumor obtained during surgery (Paper I).

¢ To find a gene expression profile which will best characterize the two most
common groups of tumors: T1 and T2 tumor categories, which are the most
important factors of treatment decision (Paper II).

e To use this profile for more refined selection of patients who would benefit
from adjuvant treatment, preventing possible severe side effects, and
unnecessary health expenses.

o Since the results from paper II suggested progression related activation of self
renewal pathways, we aimed at characterising the expression of key members

of this pathway: Bmi and Mell8 at both mRNA and protein level.
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1. Introduction

1.1 Epidemiology - Incidence

Breast cancer is by far the most frequent cancer among women with an estimated 1.38 million
new cancer cases diagnosed in 2008 (23% of all cancers), and ranks second overall (10.9% of
all cancers). It is now the most common cancer both in developed and developing regions
with around 690 000 new cases estimated in each region (population ratio 1:4). Incidence
rates vary from 19.3 per 100,000 women in Eastern Africa to 89.7 per 100,000 women in
Western Europe, and are high (greater than 80 per 100,000) in developed regions of the world
(except Japan) and low (less than 40 per 100,000) in most of the developing regions(1). The

age-adjusted incidence worldwide is shown in figure 1.
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Figure 1 Age adjusted incidence worldwide(1)
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The incidence of breast cancer has been rising dramatically since 1982, based on data

collected by SEER(2). Mammographic screening has led to the finding of breast cancer at a

preclinical stage. Naturally incidence has increased after the introduction of mammographic
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screening. Effects of routine mammography on breast cancer mortality is highly dependent on

study design(3, 4). In 2009, 27 520 new cases of cancer were recorded in

Norway, for which 14 792 occurred among men and 12 728 among women(5). Breast cancer

remains the most frequent neoplasm in women in Norway, as in the rest of the world, with

2745 new cases in 2009, followed by colorectal and lung cancer(5). The trend in incidence in

Norway is shown in figure 2(5).
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Figure 2. Number of new cases of breast cancer in Norway per year 1989 — 2009 (A) and

age-adjusted incidence by age at diagnosis 2005 - 2009(5)

1.2 Mortality

Trends in breast cancer mortality are of major public interest, but their interpretation is
complex because they reflect the combined effects of trends in underlying risk of breast
cancer, changes in screening practices, and effectiveness of treatment. There is a marked
difference in mortality rates in black women in all age groups compared to whites. The
increase is significant and there is no evidence of recent decline, as has been seen for the

white women(6). Mortality rates by race taken from SEER(2) is shown in table 1. The
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reasons for these differences in mortality between different ethinic groups are not clear, but
probably may due to differences in molecular biological signature of these tumors. Age-
standardised mortality rates of breast cancer in Norway is 12.8%. Only lungcancer has a

higher mortality rate (16.8%)(5).

Table 1 The age-adjusted death rate was 23.0 per 100,000 women per year. These rates are
based on patients who died in 2005-2009 in the US.

Death Rates by Race

Race/Ethnicity Female
All Races 23.0 per 100,000 women
White 22.4 per 100,000 women
Black 31.6 per 100,000 women
Asian/Pacific Islander 11.9 per 100,000 women

American Indian/Alaska Native * | 16.6 per 100,000 women

Hispanic ° 14.9 per 100,000 women

1.3 Survival

S-year survival has improved significantly over the years. Prognosis of breast cancer is
naturally dependent on stage of the disease. In patients where the disease is localized to the
breast, 5-year relative survival is 94.1% as opposed to 16.9% where distant metastasis is
diagnosed(7). Figure 3 shows 5-year survival in 1956 — 2000 in Norway, all stages, and figure

4 shows five year survival divided by stage of disease, also in Norway(7).
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Figure 3. 5-year survival of breast cancer has changed over the years. This figure show

5-year survival in 1956 — 2000, all stages(7) in Norway.
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Figure 4. 5-year survival divided by stage of disease(7) in Norway.
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2. Breast Anatomy and Development

2.1 Embryology

Rudimentary mammary glands develop in the embryo and grow after birth in a parallell
manner to body growth. During the third trimester of pregnancy placental sex hormones enter
the fetal circulation and induce canalization of the branched epithelial tissues. During early
childhood, the end vesicles become further canalized and develop into ductal structures by
additional growth and branching(8). The normal mammary glands of humans consist of a
branching network of ducts terminating in end buds prior to puberty, thereafter in increasing
numbers of alveolar lobules, and finally in secretory alveoli during pregnancy and
lactation(8). These changes are under the influence of circulating hormones, especially
estrogen. In experimental studies estrogen alone induces a pronounced ductular increase,
whereas progesterone alone does not. The two hormones together produce full ductular-
lobular-alveolar development of mammary tissues(9). Prolactin produces the alveoli that
secrete milk products. Other circulating hormones like cortisol and insulin in addition to local
trophic agents are involved and required in growth control(10) . The development of the
ductal system in the normal breast is well studied, and briefly one can say that alveolar buds
cluster around a terminal duct and form type I lobules. Transition to type II and Type III
lobules gradually results from continued sprouting of new alveolar buds(8). Concerning tumor
growth there are hormone-dependent tumors, which comprise 25-30% of all human
carcinomas(9, 11). The remaining 70-75% are hormone-independent, meaning they no longer
require circulating levels of mammotrophic hormones in order to grow. They also grow
without the local trophic agents. Figure 5 shows a diagrammatic representation of the lobular

structures of the human breast(8)
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Figure 5. Diagrammatic representation of the lobular structures of the human breast(8)

2.2 Adult Breast

The normal mammary gland consists of two cellular compartments: the mesenchymal
compartment of fatty stroma, which is permeated by blood vessels and nerves, and the
epithelial compartment of ducts and lobules. These two compartments are separated by a
basement membrane(12). During the development of malignant tumors, the natural

bounderies and requirements for normal growth may be lost.

The cells of the epithelial compartment are as follows: 1) the epithelial cells which line ducts,
2) the alveolar epithelial cells which line alveoli and synthesize milk proteins, and 3) the

myoepithelial cells which are placed between the two above mentioned cell layers and the
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basement membrane(12). The epithelium is all stratified epithelium. Benign lesions of the
breast may contain all these types of cells while malignant lesions contain only epithelial

cells(13, 14).

Carcinomas of the breast are thought to originate from epithelial cells or progenitor epithelial
cells of the terminal duct-lobular unit(15). Growing evidence indicates that stroma may play
an important role in cancer initiation and progression(16-18). This is also shown by our
scientist group in an ongoing study were we emphasize the difference in gene expression
between normal breast epithelium of a breast cancer patient as opposed to normal breast

epithelium of a healthy woman (unpublished).

3. Pathology of Breast cancer

3.1 Noninvasive Breast Cancer

There are two types of noninvasive breast cancers, lobular carcinoma in situ(LCIS) and ductal
carcinoma in situ(DCIS). It is not considered a malignant lesion, rather a risk factor for
development of breast cancer. The name is reflected upon histology. LCIS is recongnized by
its conformity to the outline of the normal lobules, with expanded and filled acini. DCIS is a
more heterogenous group devided into four broad categories: papillary, cribriform, solid and
comedo. DCIS is recognized as discrete spaces surrounded by basement membrane, filled
with malignant cells and usually with a recognizable basally located cell layer made up of
presumably normal myoepithelial cells(19). It is important to notice that these premalignant

lesions might coexist with invasive cancers, especially DCIS.
3.2 Invasive Breast Cancers

Invasive cancers are recognized by their lack of overall architecture, by the infiltration of cells

hazardly into a variable amount of stroma, or by forming sheet of continuous and monotonous
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cells without respect for form and function of a glandular organ(19). The two most frequent
types of invasive breast cancer are lobular and ductal. Invasive lobular cancer tends to
permeate the breast in a single file nature, which explains why it remains clinically occult,
escaping detection on mammography and physical examination until it has become quite
large. Ductal cancers tend to grow as a more coherent mass, which makes it easier to detect at
an earlier stage. This is illustrated in figure 6. Invasive ductal carcinoma accounts for 50-70%
of all invasive breast cancers(19). Invasive lobular carcinoma accounts for 10-15% of all
breast cancers. In addition there is a mixed lobular and ductal form which is increasing in
incidence. The remaining types are sometimes named according to the features they display,
being tubular, mucoid or colloidal, medullary, cribriform, papillary, adenoid cystic or
metaplastic(fig 7). The different histopathological groups have also been studied in a
molecular aspect, with a special interest in the medullary carcinomas which has shown to
often be of the basal-like subtype(20). Otherwise they are referred to as NOS, meaning
nothing otherwise specified. Roughly the infiltrating ductal carcinomas have the worst
prognosis. There are other malignant tumors primary to the breast, these being the phyllodes
tumors and the angiosarcomas. The phyllodes tumors are composed of mixed connective
tissue and epithelium. They can be benign or malign. The benign ones resemble
fibroadenomas but with marked differences. The malignant ones are malignant stromal
sarcomas which require wide exisional surgery similar to sarcomas on the trunk. Absolutely
noteworthy is that these spread hematogenously, not through lymph nodes like all the other

breast cancers. Therefore lymph node dissection is not required in such cases(19).
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Figure 6 Histological appearance of the two major types of breast cancer(A)Typical
streaming pattern of infiltrating lobular carcinoma. (B) Infiltrating ductal carcinoma

with atypical tumor cells form ribbons, tubules or nests, broke the basement membrane

of the duct and infiltrate the surrounding tissues
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Figure 7 A more precise definition of the histopathological types of breast cancer

3.3 Staging of Breast Cancer

The most widely used system for staging primary breast cancer has evolved from
classifiations proposed by the International Union Against Cancer (UICC) and the American
Joint Committee on Cancer (AJCC). The system is based upon the description of the tumor
(T), the status of the regional nodes (N), and the presence of distant metastases (M). Staging
systems constantly change and reflect current trends in treatment, in changing outcomes after
therapy, and new diagnostic technology(19). A detailed classification of breast cancer from
the AJCC Cancer Staging Manual has been recently outlined (21).A more clinical
categorization and of special importance to the surgeon is to separate the stages according to

operability. This is illustrated in table 2(21).

19



Primary operable/curable breast cancer

Stadium I clinical TINOMO
Stadium II clinicalTO-2N1MO
clinical T2NOMO

Primary inoperable/noncurable breast cancer

Stadium I1 clinical T3ANOMO

Stadium IIT clinicalTO-2N2MO

clinical T3N1-2MO0

clinical T4N0-2MO

clinical TO-4N3MO

Stadium IV clinicalT1-4N0-3M1

Table 2 Staging of breast cancer separated by the operability of the tumor(21)

These histopathological characteristics in addition to prognostic markers like hormone
receptor status, HER 2 and eventually Ki67 are robust well established prognostic and
predictive markers. However there is a perception that the traditional factors presently

available are insufficient to reflect the whole clinical and genetically heterogeneity of breast
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cancer, and less than perfectly adapted to each patient particularly with the increasing range of
treatment options. Recent advances in human genome research and high-throughput
molecular technologies have begun to address and handle the molecular complexity of breast
cancer and have contributed to the realization that the biological heterogeneity of the disease

has implications for treatment.

4. Breast Cancer Today and Guidelines for Treatment

Breast cancer is the leading cause of cancer mortality in women(1, 22). The prognosis of
breast cancer is dependent on stage at the diagnosis, tumors diagnosed at early stage having
better prognosis. It is therefore important to detect breast tumors at as early stage as
possible(23). Large meta-analysis have shown that recurrence is likely in 20-30% of young
women with early-stage (lymph-node-negative) breast cancer who undergo only surgery and
localized radiation therapy(24). Traditional approaches to breast cancer diagnosis and
treatment rely upon histological appearance coupled with pathological parameters such as
tumor grading, size, lymph node involvement and the presence of metastases
(http://nbcg.no/nbeg.blaaboka.html). TNM (T=Tumor Size, N=Nodal status, M=Metastasis) is
the classification system used by most pathologists, and for histological evaluation the
Nottingham grading system (Nottingham modification of the Bloom-Richardson system)(25)
is generally applied. TNM classification correlates well with survival(26). Lymph node status
is known to be the strongest single prognostic indicator(27) but T was also strongly correlated
with survival and in some instances it nearly balanced the effect of N status. Chemotherapy
and/or hormonal therapy reduces the risk of distant metastases by approximately 30%(24, 28).
This means 70-80% of patients receiving this treatment would have survived without it.
Current predictive factors include hormone receptor status to predict response to Tamoxifen

and HER2/neu receptor status to identify patients who will benefit from Herceptin. Can
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molecular studies add to the clinical parameters of classification to enable us to identify breast
cancers in early stages and to identify patients who will benefit from adjuvant therapy? Can
personalized cancer medicine be enabled through analysis of gene expression patterns(29)?
We are far from there yet, but this was the thought and driving force behind the following

work.

4.1 Surgery

For early stages of breast cancer, surgical removal provides a reasonable chance for cure. The
method of the surgical procedure has changed dramatically over the past century. We will

shortly present the different methods(19).

Radical mastectomy — the breast and underlying pectoralis muscles are sacrificed and regional

lymph nodes along the axillary vein to the costoclavicular ligament are removed.

Modern mastectomy — mastectomy refers to a complete removal of the mammary gland,
including the nipple and the areola. Simple mastectomy is done in a plane just under the
pectoral fascia and over the fibers of the muscles, and it is done by division of the gland from
the axillary contents. Extension of the operation under the pectoralis major muscle and
extending up to the axillary vein, removing the axillary lymph nodes, is called a modified

radical mastectomy.

Breast conserving therapy (wide local exision and primary radiation therapy) — the removal of
the tumor with a surrounding rim of grossly normal breast parenchyma. This requires
postoperatively radiation treatment. The purpose of the radiation is to prevent local

recurrence.
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Sentinel node procedure Sentinel lymph node biopsy intraoperatively is performed to decide
the extent of the axillary dissection. Most cases of sentinel node biopsy are performed for
clinically uninvolved axilla. If the surgeon believes a palpable axillary node is only reactive
and not metastatic, the sentinel node procedure can still be performed as long as the surgeon
maintains a low threashold for default to conventional axillary lymph node dissection(30).
Axillary dissection is done through a separate incision in most patients. Sentinal node is
performed by injecting a radioactive substance into and around tumor before surgery. This is
done in the nuclear medicine department. The radioactivity will be taken up by the lymphoid
system and sentinel lymph node will reveal if the cancer has spread. Some surgeons also use a
blue dye in addition to the radioactive colloid. This is to be able to visualize the sentinel node.
If there are caner cells in the sentinel node, complete axillary dissection is most often needed.
If not the operation can be terminated and the axilla left intact. Axillary node dissection gives
good regional control in node negative patients following an adequate axillary dissection(31).
The number of axillary nodes removed in node negative breast cancer predicts for regional
recurrence, with less than six nodes removed associated with significantly higher regional
nodal recurrence(31, 32). Sentinel-node biopsy is a safe and accurate method of screening the

axillary nodes for metastasis in women with a small breast cancer(33).

There have been several studies comparing mastectomy with breast conserving therapy(34-
36). They all conclude that breast conserving therapy has the same results considering
survival rates as mastectomy provided that the surgery is thorough and with required margins.

4.2 Radiational Therapy

Radiational therapy can be given either pre- or postoperatively, or as the only local treatment.

It is primarily used to get regional and local control over the disease. There are strict
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guidelines for the use of radiational therapy in breast cancer, where age, T-status and N-status
are considered. Intraoperative radiation therapy in breast cancer has been done and

evaluated(37), but has not yet become standard procedure.

4.3 Adjuvant Systemic Treatment

Adjuvant systemic treatment is given to the patients to reduce the risk of recurrence.
Prognostic indicators like axillary involvement and special tumor characteristica indicate
increased risk for recurrence and should be considered and treated. Within the concept of
adjuvant therapy both hormonal treatment and chemotherapy is considered. There is a detailed
flow-chart used by Norwegian surgeons and oncologists which is given out by the Norwegian
Breast Cancer Register. It includes age, TNM status, grade and hormonal status. These

guidelines are similar to those used internationally.

5. Material and Method

5.1 Material

Women are submitted to our hospital both due to benign lesions, malignant lesions and
precancerous lesions. This allows us to make a biobank with tissue specimens from women
with a large variety of clinical presentation and different risks for breast cancer. The first
group is the women with diagnosed breast cancer. This group has taken a preoperative biopsy,
in addition to samples taken during surgery. At surgery we wanted to take a sample both from
the tumor and from histologically normal tissue adjacent to the tumor. Some of these women
did not have invasive lesions but precancerous lesions referred to as in situ lesions (DCIS or

LCIS). The next group of women are benign lesions which are biopsied at the radiology

24



department. Both of these two groups are from women tending to Akershus University
Hospital. The third group of women are healthy women having had reduction mammoplasties.
These samples wer taken at the Collosseum Clinic, a private clinic in Oslo doing plastic

surgery. All of the women have signed a written consensus to participate in our study.

In our first paper where we look at the gene expression between pre and postoperative tumors
we have 13 pairs. All of these patients had invasive breast cancer and had been operated with
ablatio mamma (surgical removal of the entire breast). Sentinel node diagnostics using 99m
Tc-labelled colloids were performed in eleven patients as a part of the surgical procedure(38),
while the remaining two underwent direct complete axillary dissection. No recurrence of

disease has been observed so far for these patients, but the follow-up time is short.

In our second paper there are 46 patients in the discovery cohorts and these are all women
operated at Akershus University Hospital. The validation cohort is a combination of different

cohorts given the total amount of 947 breast tumor samples.

In the third paper a total of 79 tumors, of which 71 malignant tumors of the breast, 6
fibroadenomas, and 2 DCIS were studied for the expression of Bmil and Mell18 and
compared to the reduction mammoplastic specimens of 12 healthy women. In addition there

was available adjacent cancer free tissue for 23 of the malignant tumors.
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5.2 Methods

5.2.1 Tissue Collection

Preoperative needle biopsies were obtained by an experienced radiologist using a 16 Gauge
core needle device through a small skin incision in a sterile field. Three samples were
processed for routine histological diagnosis while one sample for molecular analysis was put
directly into RNAlater (Sigma Aldrich, St Louis, MO). The surgical samples were taken by
the breast cancer surgeon upon removal of the breast, and preserved in RNAlater. Tissue
samples from malignant tumors and normal counterpart were obtained in cases of breast
cancer were it was possible. The RNAlater-stabilised tissue samples were stored at —80°C.
Tissue samples from non cancer controls (reduction mammoplasty) have been gathered at the

Collosseum Clinic in Oslo and stabilized in the same way as the rest of the samples.

5.2.2 RNA Isolation

RNA was prepared using the method of Wei and Khan(39). Briefly, frozen tissue samples
were homogenized in TriReagent (Ambion, Austin, TX) using a 5 mm steal bead in a Mixer
Mill MM301 (Retsch, Haan, Germany) at 30 Hz for 2 min. After phase-separation with
0.2 vol chloroform, the aqueous phase (containing RNA) was mixed with 1.5 vol
100% ethanol and transferred to RNeasy Mini columns (Qiagen, Hilden, Germany). Further
processing (including one-column DNase digestion) was per the manufacturer’s protocol and
the purified RNA was eluted with RNase-free water. RNA concentration was measured using
NanoDrop ND-1000 UV-VIS Spectrophotometer (Thermo Fisher Scientific, Waltham, MA)
and the RNA quality analyzed on an 2100 Bioanalyzer (Agilent, Santa Clara, CA). The

purified RNA was stored at —80°C.
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5.2.3 Microarray Analysis

mRNA amplification, labelling, and hybridization were done following the manufacturer’s
instructions. We have used both one-color and two color techniques. For details one refers to
the individual papers. After hybridization for 17 hours the arrays were washed and scanned
using an Agilent scanner and microarray data extracted with Agilent Feature Extraction

software.

5.2.4. Statistical Analysis

Preprocessing of the microarray data was done in J-Express Pro (www.molmine.org) while
between-array quantile normalization was done in BioConductor(40). The microarray data are

submitted to The ArrayExpress Archive (http:/www.ebi.ac.uk/microarray-as/ae/), accession

number is given in the individual papers

Further advanced statistical analysis was performed on the microarray expression data

depending on the specific hypothesis and the aim of the different individual papers.

Microarrays can measure the expression of thousands of genes to identify changes in
expression between different biological states. A number of methods were developed to
determine the significance of these changes while accounting for the large number of genes.
One of the first and most widely used methods was described by Tusher et al(41) as
Significance Analysis of Microarrays (SAM), that assignes a score to each gene on the basis
of change in gene expression relative to the standard deviation of repeated measurements. For
genes with scores greater than an adjustable threshold, SAM uses permutations of the
repeated measurements to estimate the percentage of genes identified by chance, the false
discovery rate (FDR). This statistical equipment was used in all of the papers in this thesis. To

adjust for parameters known to have prognostic value, like lymph node status, grade, estrogen
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and progesterone receptor status, and breast cancer subtype, a partial least squares regression
analysis was performed with the pls package in R(42, 43). Between group comparission were

done using Student's two-sided, two-class t-test and ANOVA using the function aov in R..

Gene function classification of the significant genes were performed using DAVID(44, 45)
and pathway analysis was done through the use of Ingenuity Pathway Analysis (IPA;

Ingenuity® Systems, Redwood City, CA).

Survival analysis was a major topic of paper number two. The signatures were evaluated for
prediction of Distant Metastasis Free Survival (DMFS). A total of 912 patients on the
validation set (n = 947) had available DMFS status with median follow-up for 81 months. The
Kaplan-Meier survival curves were plotted for the corresponding risk groups. The differences

in survival probabilities associated with the risk groups were tested by a logrank test.

A likelihood ratio test was used to assess the significance of the overall effect in a univariate
comparison of predictors. Deviance was used to check the goodness of the model fit. The
marginal contribution by a single predictor in the univariate setting was evaluated using the
proportion of variation explained in the outcome variable (PVE) (46), which is an indicator
for the importance of covariates in the Cox model. The Hazard Ratio (HR) was used as an
accuracy measure for the risk group prediction for different predictors. The concordance
index (C-index) (47) was computed to assess the predictive discrimination ability of each of
the predictors in the corresponding univariate Cox model. For a multivariate comparison of
predictors, the relative importance of a covariate in a multivariate Cox model was measured

by the partial PVE.
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One goal of microarray studies is to find a subset of genes that are differentially expressed
across experimental conditions. The key question is the strength of the claim that a given gene
is differentially expressed. In other words, what is the power of the test to determine if a gene
is differentially expressed to a specific degree. In our study we have calculated power based

on the SAM results. Power=1-q (q is the highest FDR-value)

5.2.5 Quantitative RT-PCR

To confirm the results of the microarray experiment, qRT-PCR using TagMan low density
arrays (Applied Biosystems, Carlsbad, CA) were performed. Primer-probe of selected genes
were used. 500 ng RNA was reverse transcribed using the High Capacity cDNA Reverse
Transcription Kit (Applied Biosystems) per the manufacturer’s instructions. Due to lack of
material gQRT-PCR was only performed for ten of the sample pairs. The samples were further
processed using TagMan® Gene Expression Master Mix (Applied Biosystems) and run on the
7900HT Real-Time PCR System (Applied Biosystems) as per the manufacturer’s instructions.

Relative changes in gene expression were analyzed using the AACt-method(48).

5.2.6 Histology

The slides were evaluated by an experienced pathologist (AJN) and graded according to the

Nottingham grading system (Nottingham modification of the Bloom-Richardson system)(25)

5.2.7 Immunbhistochemistry

Immunohistochemistry was performed on 5 um sections from formalin-fixed, paraffin-

embedded tissue applied to coated slides. Deparaffinization, rehydration and epitope retrieval
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were performed in a Dako PT link (Dako) at 97°C for 20minutes. Dako Autostainer Plus
together with Envision™ Flex, high pH system (K8000, Dako) were used in the

immunostaining procedure following the operating manual.

5.3 The Technology of Microarray

DNA microarray analysis is a fast and versatile approach to achieve high throughput
explorations of genome structure, gene expression program, and of gene function at both
cellular and organism levels. A DNA microarray-based analysis is a complex multistep
process involving numerous specific equipments, and requiring a strong expertise in various

areas, including molecular biology, image analysis, computing, and statistics.

The most common application of DNA/oligonucleotide microarray is gene expression
analysis. In this technique, RNA isolated from two samples is labeled with two different
fluorochromes (generally the green cyanine 3 and the red cyanine 5 (Cy3, Cy5)) before being
hybridized to a microarray consisting of large number of cDNAs/oligonucleotides orderly
arranged onto a glass microscope slide. After hybridisation under stringent conditions, a
scanner records, after excitation of the two fluorochromes at given wavelengths, the intensity
of the fluorescence emission signals that is proportional to transcript levels in the biological
sample. The microarray data are analysed using specific softwares that enables clustering of
genes with similar expression patterns, assuming that they share common biological

functions. This is illustrated in figure 8.
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Figure 8 The concept of microarray

5.4 Objectives of Microarray Studies

1. Class Discovery

Class discovery involves the grouping together of specimens based on their expression
profiles across the set of genes represented on the array or the grouping together of genes with
regard to their expression profiles across the samples assayed(49). The classical example is
how Perou et al(50) divided breast cancers into several subgroups using clustering analysis.
Cluster analysis alogarythms are called unsupervised because the grouping is not driven by
any phenotype external to the expression profile. A commonly used hierarchical clustering
method starts by defining a distance between two breast tumors as a function of the difference
in gene expression. One then regroups the two closest tumors and preceeds by regrouping

tumors to obtain a cluster tree, which can be split into branches by selecting a cutoff distance.
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This method of hierarchical alogarythmical clustering is described by Eisen et al in 1998(51).

The application of microarray is illustrated in figure 9.

2. Class Comparison

Class comparison focuses on determining which genes are differently expressed among
samples represented of predefined classes(49). In cancer studies, the classes often represent
different categories of tumors, differing with regard to stage, size, grade, prognosis, response
to therapy and similar conditions. An example of this is how van't Veer et al in 2002(52)
compared tumors from 34 breast cancer patients who developed a distant metastasis within 5
year after surgery and tumors from another group of 44 patients who did not develop
metastases. A statistics measuring the difference in gene expression between the two types of
tumors is applied. Genes are then ranked according to this statistic, starting with the most
differentially expressed. They selected the 70 genes with the highest correlation with the
distant metastasis status at 5 years. In this case they used supervised classification, meaning
there were predefined classes. Class comparison was also used by Sotiriou et al(53) to
evaluate genes whose expression was correlated specifically with grade. They studied 99
tumours from node-positive and node-negative, the majority receiving adjuvant treatment
according to accepted practise guidelines at the time of diagnosis. They performed the
comparison of the different clinicopathological characteristics, tumor grade 1 or 2 vs grade 3;
tumor size < 2 cm vs > 2 cm; age <50 years vs age > 50 years; node negative vs node positive;
and ER- vs ER+. Their results were concordant with earlier studies despite the difference in
patient populations, treatment used, and technology platforms used. They found that ER status
of the tumor was, indeed, the most important discriminator of expression sybtypes and that

tumor grade was a distant second.
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3. Class Prediction

In class prediction the emphasis is on developing a mathematical function that can predict
which class a new specimen belongs to based on its expression profile(49). This is important
for problems of diagnostic classification, prognostic prediction and treatment selection. Again
van't Veer et al(52) determined a prediction rule for prognosis based on the expression of the
70 genes from data on 78 node negative breast cancer patients and then evaluated on another
19 patients. Another example is Ma et al(54) who developed such a predictor for patients with
estrogen receptor positive primary breast cancer who received tamoxifen monotherapy after

local therapy. Here, as well as for class comparison, supervised analysis is used.
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The concept of microarray and the contribution of gene expression profiling to breast cancer

classification, prognostication and prediction was summarized by Weigelt et al in 2010(55).
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There has been skepticism to this concept, especially by clinicians. The strongest argument
against using gene expression in the clinics is that gene expression signatures are highly
unstable(56), that is the gene lists obtained for the same clinical types of patients by different
groups differed widely and had only very few genes in common. This is exemplified by the
prognostic gene expression signature of breast cancer using expression data of tumor samples
of known clinical outcome (52). This study yielded the 70-gene signature for breast cancer
prognosis. When another research group independently used a similar approach, a 76-gene
signature was identified(57). These two signatures surprisingly had only three genes in
common, hence some claimed the signatures to be unstable. Both these signatures have
independently been validated in large group of patients (58, 59) with similar outcome despite
the small number of overlapping genes. The concordance among gene-expression-based
predictors for breast cancer has later been tested and verified(60). Even though different gene
sets were used for prognostication in patients with breast cancer, four of the five tested
showed significant agreement in the outcome predictions for individual patients. It is more
likely that different signatures use different genes to monitor the same biological process. By
combining information from multiple gene signatures, one would potentially increase the
prediction power and bring out an overall picture of this disease. Zhao et al aimed to develop
an analytical framework that allows us to utilize the combined strength from individual gene
signatures(61). Such a framework and the resulting model will be broadly applicable for
survival prediction across heterogeneous tumor groups capturing a broad spectrum of
biological aspects. At the same time it is argued that combining different signatures may reach

a limit without improving prognostication further(62).
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6 Stem Cells and Important Phenomenon in Cancer Development
— this Chapter is Related to Our Third Paper where the Genes

Bmil and Mell8 are specifically Studied

6.1 Stem Cells

Stem cells have a long life and a large replicative potential, making them good candidates for
the cells of origin of cancer. They are defined as cells with the capacity to self-renew and to
generate daughter cells that can differentiate down several cell lineages to form all cell types
that are found in the mature tissue(13). The field of stem cell biology has emerged initially
from hematology (63, 64). Hematopoeietic stem cells have already been used in therapeutic
settings being a vital element in bone marrow transplantation. Stem cells go through
assymetrical cell divisions giving rise to an identical cell with the same properties as well as
to another well defined differentiated cell. The cells that form the intermediates between stem
cells and terminally differentiated cells are usually referred to as progenitor cells(65, 66).
Stem cells can be divided into two functional classes. The first class represents stem cells that
are responsible for tissue renewal, like in the bone marrow. They are responsible for replacing
terminally differentiated cells as they mature or die or are shed from an epithelial surface. The
second class comprises stem cells that are inactive until required in response to

environmental factors, for instance to repair tissue damage(65).

In the adult mammary gland, no definitive identification has been made of an adult mammary
epithelial stem cell. Some cells have been attributed stem cell activity which in the beginning
of life was considered to be located in the terminal end buds and give rise to the different cells
of the mammary gland(67). AS described in detail above the mammary gland in humans and

other mammals is a dynamic organ that undergoes significant developmental changes during
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pregnancy, lactation, and involution. It is considered that only stem cells have the replicative
potential that would be needed to maintain this process. If such stem cells do exist they would
be in the second group described above meaning they are quiescent until responding to
physical cues(65). Another sign of mammary stem cell existence is the replacement of cells
that are shed from the epithelium into the lumen during routine cell turnover. These cells
would then fall into the first group described above being continually active stem cells(65).
The existence of mammary stem cells is being discussed but direct evidence of specialized

mammary stem cells has come from several studies(68, 69).

A number of investigators suggest that stem cells may represent important targets for
transformational events(70). Adult stem cells are slow-dividing, long-lived cells that by their
very nature are exposed to damaging agents for long periods of time. Therefore they may
accumulate mutations that can result in their transformation. Normal stem cells and cancers
share a number of important phenotypic properties which is very important in carcinogenesis.
These are: 1) capacity for self-renewal; 2)ability to differentiate; 3) active telomerase and
anti-apoptotic pathways; 4)increased membrane transporter activity; and 5) anchorage
independence and ability to migrate(66)). There is now evidence for the existence of “tumor
stem cell” in human leukemias(71), myelomas(72), brain tumors(73) , as well as in breast
tumors(74). Using a model in which human breast cancer cells were grown in
immunocompromised mice, Al-Hajj and collegues found that only a minority of breast cancer
cells had the ability to form new tumors. They were able to distinguish the tumor initiating
cells from those not being able to produce tumor based on cell surface marker expression
(CD44+,CD24-Lineage-). These cells did not just have the ability to self-renew but were also
able to give rise to cells with different characteristics or phenotypes that made up the bulk of

the tumor. These observations support the concept of these cells being breast cancer stem
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cells. A major factor that protects women from breast cancer is an early first full-term
pregnancy. The mechanism behind this concept is that there is a burst of differentiation during
pregnancy and therefore a depletion in stem cells. This means there are fewer stem cells with

the potential of becoming breast cancer stem cells over a life period(75).

As we have seen there is great resemblance between normal stem cells and cancer. Therefore

the pathways in stem cell biology is of great importance.
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Figure 10. Similarities between normal stem cells and cancer cells and their impact on

stem-cell functionality and carcinogenesis(66).
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6.2 Self-renewal

As we have seen stem cells are long-lived targets for occurrence of mutations compared with
differented cells that die within a short period of time. The accumulation of mutations
neccessary for carcinogenensis is more likely to occur in stem cells that self-renew over the
lifetime of an individual rather than in the mature cells that exit the cell cycle and/or undergo
apoptosis after a brief period. This supports the new thinking of how tumors are likely to arise

from stem cells(75).

As the name indicates the property of self-renewal is to give rise to a daughter cell that has the
exact same qualities as the mother cell. Stem cells must keep a fine balance between self-
renewal and differentiation, because when unregulated it could lead to cancer. The relation
between stem cells and tumorigenesis is therefore close, and it is of great importance to
understand the mechanism and pathways involved in self-renewal. Three important pathways
are well studied, these being the Wnt signaling pathway(76, 77), the Hedgehog signaling
pathway(77, 78), and the Notch signaling pathway(77) . As stage dependent activation of
these pathways as well as their key members were among the main findings of this thesis,

these will be described shortly.

6.3 The Wnt Signaling Pathway

Wnat proteins are secreted intercellular signaling molecules that act as a ligand to trigger a
specific signal transduction pathway. There are at least 16 members of this ligand family in
vertebrates(79). Briefly described, in the abscence of Wnt, there will be degradation of beta-

catenin giving the Tcf/LEF complex(T-cell factor/lymphoid enhancing factor) the possibility
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to associate with the transcriptional repressor Groucho(75, 80). The process includes the
following proteins: the degradation complex consisting of axin, adenomatous polyposis
coli(APC), glycogen synthase kinase(GSK3beta) and casein kinase I[(CKI). Upon binding of
Wnt to its receptor called Frizzled and co-receptor LRP(low-density lipoprotein receptor
related protein), through the same cascade as above, beta-catenin will not be degraded and
move into the nucleus where it can act as a co-activator of the Tcf/LEF family of transcription
factors to regulate specific target genes. To summarize Wnt allows transcription of Wnt target
genes through the stabilized form of beta-catenin (figure 11). Example of target genes are c-
myc and cyclin D(75, 80) . There has been several studies on the role of Wnt signaling in self-
renewal in different organs. By the use of transgenic mice it was shown that overexpression of
Wnat ligands in mammary stroma or activated beta-cataenin in mammary epithelium leads to
increased numbers of mammary stem cells(81) . Studies linking this process to mammary
carcinogenensis include those showing that mammary stem cells and progenitors might be
targets for oncogenesis by Wnt 1 signaling elements(82). Liu et al has drawn a schematic
diagram of the Wnt sinaling pathway which is shown in figure 11(77). Here we have only

briefly described the canonical Wnt/beta-catenin pathway.
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Figure 11(77) A schematic diagram for the up-stream regulation of the Wnt signaling
pathway. (a) The canonical Wnt/B-catenin pathway. Canonical Wnt signaling requires
the Frizzled (Fz) and low-density lipoprotein receptor-related proteins 5 and 6 (LRP5/6)
co-receptors to activate Dishevelled (Dsh). Then Dsh inhibits the activity of the f-catenin
destruction complex (adenomatous polyposis coli (APC), axin, and glycogen synthase
kinase-3 (GSK-3)), which phosphorylates p-catenin in the absence of the ligands. p-
Catenin is stabilized and translocated to the nucleus, where it recruits transactivators to
high mobility group (HMG)-box DNA-binding proteins of the lymphoid enhancer
factor/T cell factor (LEF/TCF) family. (b) The noncanonical Wnt signaling pathway.
Noncanonical Wnt signaling requires Frizzled receptors and the proteoglycan co-
receptor Knypek. In this pathway, Dsh localizes to the cell membrane through its DEP
domain. A main branch downstream of Dsh involves the small GTPases of the Rho
family. Dsh activation of Rho requires the bridging molecule Daam1. Dsh can also
stimulate calcium flux and the activation of the calcium-sensitive kinases protein kinase
C (PKC) and calmodulin-dependent protein kinase II (CanKII). At the end, the

activation of this pathway induces the complex and dynamic cellular response.
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6.4 The Hedgehog Signaling Pathway

Hedgehog proteins are intercellular signaling molecules, similar to Wnt proteins. There are
three members of these proteins, Sonic Hedgehog(Shh), Desert Hedgehog(Dhh), and Indian
Hedgehog(Thh). These ligands bind to the hedgehog-interacting protein 1(Hip1) and
Patched(Ptch) which are transmembrane receptors of these ligands. Patched and
Smoothened(Smo) are two transmembrane proteins that form a receptor complex in the
absence of ligands. Upon binding of Hh to Ptch inhibition of Smo is relieved . This causes a
large protein complex to dissociate and release the transcription factor Gli. Gli is translocated
into the nucleus where it regulates the expression of its target genes(75, 77). Target genes
include those controlling cell proliferation like cyclin D, cyclin E, c-myc, components of the
epidermal growth factor pathway, and angiogenesis components including platelet-derived
growth factor and vascular endothelial growth factor. The protein complex which inhibits the
action of Gli is not well defined, but it includes Fused(Fu) and Suppressor of
Fused(SuFu)(83). Figure 12 shows a schematic diagram of the Hedgehog signaling

pathway(77).

Liu et al in 2006(78) studied the role of hedgehog signaling and Bmi-1 in regulating self-
renewal of normal and malignant human mammary stem cells. They showed that hedgehog
signaling components Ptchl, Glil, and Gli2 are highly expressed in normal human mammary
stem/progenitor cells cultured as mammospheres and that these genes are down-regulated
when cells are induced to differentiate. They also proposed that these effects are mediated by

Bmi-1, studied in this thesis.
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Figure 12(77) A schematic diagram for the hedgehog (HH) signaling pathway.
Ligands, such as Sonic Hedgehog (Shh), Indian Hedgehog (Ihh), and Desert
Hedgehog (Dhh), are secreted by signaling cells and bind the transmembrane
receptor patched (Ptch) in HH responding cells. In the absence of ligands, Ptch binds
to Smoothened (Smo) and blocks Smo's function, whereas this inhibition is relieved in
the presence of ligands, and Smo initiates a signaling cascade that results in the
release of transcription factors Glis from cytoplasmic proteins fused (Fu) and
suppressor of fused (SuFu). In the inactive situation, SuFu prevents Glis from
translocating to the nucleus; in the active situation, Fu inhibits SuFu and Glis are
released. Gli proteins translocate into the nucleus and control target gene
transcription. The red lines and the agents in red show the inhibitors of this pathway

with potential therapeutic value.

6.5 Notch Signaling

The Notch proteins, of which there are four members in mammals, Notch 1 to Notch 4, are
expressed in a variety of stem or early progenitor cells(77, 84). They interact with DSL

ligands which are surface bound ligands. This in turn triggers a cascade which eventually
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leads to Notch translocating into the nucleus where it acts upon its targets. Liu et al has also

made a schematic diagram of this pathway which is shown in figure 13.
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Figure 13(77) A schematic diagram for the Notch signaling pathway. Upon binding of
the DSL ligand, Notch signaling is modulated by fringe, and Notch receptors are
activated by serial cleavage events involving members of the ADAM (for 'a disintegrin
and metalloproteinase') protease family, as well as an intramembrane cleavage
regulated by y-secretase (presenilin). This intramembrane cleavage is followed by
translocation of the intracellular domain on Notch to the nucleus, where it acts on
downstream targets. CBF, C promoter binding factor; HDAC, histone deacetylase;

HAT, histone acetyltransferase.

6.6 Interaction between Self-renewal Pathways

Several studies have been conducted to follow the interaction between the different pathways
of self-renewal. Liu et al has drawn a hypothetical interacting model after reviewing these

studies(77). Figure 14 is taken from this review article.
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Figure 14(77) A hypothetic interacting model in the regulation of stem cell self-renewal
by the Hedgehog signaling pathway, the Notch signaling pathway, the Wnt signaling
pathway, and B lymphoma Mo-MLYV insertion region 1 (Bmi-1). Interactions between
the Hedgehog, Notch, and Wnt pathways and Bmi-1 are shown by solid arrows;
interactions between stem cell self-renewal regulation by the pathways and Bmi-1 are

shown by dashed arrows; the question marks represent the postulated interactions.

6.7 Bmi-1 and Self-renewal

This gene and its protein product is central in paper III. Here we will just briefly describe its
role in self-renewal. Recently, Bmi-1 has been shown to be a key regulator of the self-renewal
of both normal and leukemic stem cells(85, 86). Bmi-1 has also shown to be important in
neuronal stem cell self-renewal(87) . The exact mechanisms by which Bmi-1 regulates stem
cell self-renewal is unclear, but it has been suggested that it is by silencing of the P-16
gene(77, 86, 88) . We have studied the expression of Bmil both in genes and in proteins in
different sources of breast tissue. This is evaluated in paper I11(89). We found that there was a

significant difference in the expression of Bmil in histologically normal breast tissue of
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women operated for breast cancer as compared normal tissue in non cancer controls. This
opens the possibility to study the expression of Bmil in breast cancer patients for prognostic
purpose, and thereby eventually be able to offer more personized guided therapy, either

surgically or medically.

7 Papers with Individual Main conclusions

7.1 Paper |

Gene expression studies on breast cancer have generally been performed on tissue obtained at
the time of surgery. In this study we have compared the gene expression profiles in
preoperative tissue (core needle biopsies) to postoperative tissue from the same tumor
obtained during surgery. Thirteen patients were included of which eleven had undergone
sentinel node diagnosis procedure before operation. Gene expression and miRNA microarray
analysis were performed using total RNA from all the samples. Paired significance analysis of
microarrays revealed 228 differentially expressed genes, including several early response
stress-related genes such as members of the fos and jun families as well as genes of which the
expression has previously been associated with cancer. The expression profiles found in the
analyses of breast cancer tissue must be evaluated with caution. Different profiles may simply
be result of differences in the surgical trauma and timing of when samples are taken, and not
necessarily associated with tumor biology. A clinical analysis by Parvaiz et al compared
image guided core biopsy with free hand biopsy for symptomatic breast lesions. 400 core
biopsies were studied, and the found that 76 % of biopsies performed free hand had no

significant difference in diagnostic sensitivity compared with image guided biopsies. In a
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selected group, free hand biopsies provide the added advantage of early diagnosis and

subsequent treatment.(90).
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Figure 1 Unsupervised (A) and supervised (C) CA plots of mRNA expression in pre- and
postoperative breast cancer tumours, and their corresponding clustering maps (B and
D). The samples are marked by their respective numbers followed by either B, which
define the preoperative samples, or T, which define the postoperative samples. The
unsupervised chart was made using all 18,189 genes (24,105 probes) expressed on the
microarrays whereas for the supervised only the 228 genes (235 probes) with a

FDR <2.5% from paired SAM where used.
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7.2 Paper 11

Due to early diagnostics through mammographic screening breast cancers today are of
predominantly T1 (0.1-2.0 cm) or T2 (2-5 cm) categories. Nevertheless even in early stage
breast cancer without lymph node involvement, 30% of the patients get recurrence of their
disease. Chemotherapy and hormonal therapy reduce the risk of distant metastases by
approximately 30%. However, the majority of the patients would have survived without
adjuvant treatment and improved selection criteria could save patients from possible severe
side effects and the community from unnecessary health expenses. The purpose of this study
was to search for molecular signatures characterizing clinical T1 and T2 tumors and to better
identify patients of high risk of relapse and/or metastasis. The gene list was validated on a
collection of different cohorts from different groups. This allowed us to perform Kaplan-
Meyer analysis and evalate how our newly developed signature was able to evaluate relapse-
free survival as opposed to size. We observed highly significant separation of two risk groups
for DMFS in the patient group with pT1 size tumors; suggesting that this signature can
identify tumors that although categorized as T1 have a transcriptional signature that can point
to poorer survival. In the pT2 tumor subgroup (n = 459), T-size signature achieved also
significant separation for the risk prediction, suggesting that this signature can identify
patients with good prognosis among those categorised as stage II. We found that our
molecular signature was better than size in predicting prognosis of disease. This together with
the specific genes involved can be used to select patients for targeted therapy and spare others

for unnecessary potential toxic therapy.
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Figure 1 Unsupervised hierarchical clustering using the 441 significant probes after

adjustment for clinical parameters. Genes are listed vertically and each patient is

represented in the columns. Clinical T1 tumors are shown in green while clinical T2

tumors are shown in red.
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7.3 Paper 111

Polycomb Group (PcG) proteins are epigenetic silencers involved in maintaining cellular
identity, and their deregulation can result in cancer(91). Mel-18 and Bmi-1 are both members
of PcG. Bmi-1 was initially considered an oncogene, although recent studies have suggested
thatBmi-1 overexpression is associated with good outcome in breast cancer. Mel-18 is
considered a tumor suppressor gene. There are different mechanisms to this tumor
suppressiveness.

Expression of Mel-18 and Bmi-1 have been studied in tumor tissue, but not in adjacent
noncancerous breast epithelium. Our study compares the expression of the two genes in
normal breast epithelium of cancer patients and compares this to the level of expression in
breastepithelium of healthy women and suggests that the ratio of the expression of the two

may be an important marker of disease progression.
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Figure 3: Median transcription levels between the groups. Comparison of the median
transcription level of Bmi-1 and Mel-18 for each group shows an inverse correlation of the

transcription level.

8 Discussion

As we have seen there are several gene signatures developed within breast cancer. This was
revolutonary science more than a decade ago. It has truly visualized breast cancer as the
heterogenous disease it is. But the signatures have not yet reached the clinics in a perspective
that may improve breast cancer diagnostics and treatment. Our work is one attempt to add a

piece in the great puzzle of breast cancer.

Fan et al (60) compared the prognostic ability of the intrinsic subtype and four prognostic
signatures in 295 patients. They found that even though different gene sets were used for

prognostication in patients with breast cancer, four out of five showed significant agreement
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in outcome prediction for thje individual patients. This evaluation of gene signatures was
performed in one dataset. Some years later there was a large metaanalysis of gene expression
profiles in breast cancer which included 2833 breast tumors(92). They performed a prototype
based expression module analysis where three prototype genes representing three key
biological processes in breast cancer, namely proliferation, ER, and HER2 amplification
signaling. The selected genes were respectively ESR1, ERBB2, and AURKA. This revealed
the importance of proliferation genes as a common driving force behind the performance of
all the prognostic signatures in the study. The clinical importance of these prognostic
signatures will be validated in the MINDACT (Microarray in Node-Negative Disease May
Avoid Chemotherapy)(59, 93) and TAILORX (Trial Assigning IndividuaLized Options for
Treatment RX)(94). Since the levels of expression of proliferated genes are usually high in
ER-negative cancers, first generation prognostic signatures almost invariably classify ER-
negative cancers as of poor prognosis(92, 95-98). Most of these signatures correlate with
response to conventional chemotherapy agents, which preferentially target proliferating
cells(96-99). It was initially claimed that these first generation signatures could replace the
classical clinicopathological features. Metaanalysis however have proved that tumor size and
lymph node status provide prognostic information that is independent of that offered by
prognostic signatures(55, 92, 95, 98, 100). The accuracy of the oucome prections of most
prognostic signatures seems to be time-dependent, with more accurate prediction at 5 years
than 10 years after diagnosis(58, 59). Evidence exists that these prognostic signatures do not
provide more prognostic information beyond that offered by semiquantitative analysis of ER,

PR, HER2, and Ki67(98, 101, 102).

Efforts were made to develop second generation signatures which better could classify the

poor prognosis tumors. Immune response signature revealed ER-negative basal breast cancer
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is a heterogeneous disease with at least four main subtypes and the heterogeneity in clinical
outcome of ER-negative breast cancer is related to the variability in expression levels of
complement and immune response pathway genes, independent of lymphocytic
infiltration(103). Alexe et al(104) defined a subgroup of the HER2+ node negative breast
cancer with better prognosis, and they found that these patients had high expression of

lymphocytes associated genes.

In our work we have applied microarray to study the gene expression in different types of
breast tissue. We have learned more about a selection of genes which may be used in the
clinic both diagnostically and therapeutically. From being a disease with high mortality and
little hope, breast cancer is a disease we now have treatment for, and the mortality has
decreased. Prognosis today is based mainly on histopathological characteristics, but
molecular profiling is slowly making an entrance. Can molecular studies add to the clinical
parameters of classification to enable us to identify breast cancers in early stages and to
identify patients who will benefit from adjuvant therapy? Can personalized cancer medicine
be enabled through analysis of gene expression patterns(29)? These were the main questions

and thoughts driving our work..

9. Further Perspective

How can our work help in diagnosis and treatment of breast cancer?
9.1 Micrometastases to the Sentinel Node
Sentinel lymph node dissection and examination in breast cancer surgery is considered a safe

procedure with few complications(33). All patients with positive sentinel node are offered an
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additional axillary dissection. Complete axillary dissection is extensive surgery which may
result in severe arm morbidity(105). Micrometastases in the sentinel node is defined by
metastasis of less than 2mm. National guidelines suggested axillary dissection in patients with
micrometastasis to the sentinel node. However only 15% of patients with micrometastases to
sentinel node have metastatic spread to non sentinel lymph nodes. The guidelines “eased off”
from autumn 2011 and we started to offer axillary node dissection only to patients who had
performed mastectomy. The rationale behind this was that those patients who had breast
conserving therapy would have irradiation towards the breast and one thought that any
micrometastasis in the axilla would be erradicated in this radiation. In the summer of 2012
NBCG formally changed the guidelines of a selection of patients that did not need to have the
sentinel node procedure with peroperative diagnostics performed due to the small possibility

of metastases to the axilla.

Several attempts have been made to predict metastatic spread to non sentinel node in patients
with micrometastasis to the sentinel node. A Danish group, Tvedskov et a(106)], performed a
study to evaluate TIMP-1, Ki67, and HER2 as markers for non-sentinel node metastases in
breast cancer patients with micrometastases to the sentinel node. These are all known
prognostic markers in breast cancer. However one was not able to obtain statistical
significance in prognostication of these markers in considering which patients with

micrometastasis to the sentinel node would have metastasis to non-sentinel lymph nodes.

In paper 1(89) we studied the expression of Bmil both in genes and in proteins in different
sources of breast tissue. We found that there was a significant difference in the expression of
Bmil in histologically normal breast tissue of women operated for breast cancer as compared

normal tissue in non cancer controls. Bmi-1 has been studied in plasma of breast cancer cells with
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healthy women as controls and results show that levels of Bmi-1 expression may be a surrogate

marker of poor prognosis(107).

In the future we want to measure Bmil in a case and a control group. The case group would
be patients with micrometastases to the sentinel node in addition to metastases to non sentinel
lymph node. The control group would be patients with micrometastases to the sentinenl node
but without metastases to other axillary lymph nodes. We expect to get more patients in the
control group so we can therefore calculate two controls for each case. The aim would be to
see if this could be a possible prognostic marker that could predict metastatic spread to non-

sentinel nodes in breast cancer patients with micrometastases to sentinel node.

9.2 Gene Expression Profiles Separating Tumor Tissue from Breast Cancer
Patients and Histologically Normal Breast Epithelium both in Vicinity of
Cancer and from Cancer Free Controls

Gene expression profiling of breast tumors has identified different subtypes with different

clinical outcome and responses to therapy(50, 53, 108, 109).

These initial reports did not specifically study the stroma component of the tumors.
Bergamaschi et al(110) investigated whether invasive breast tumors could be classified on the
basis of the expression of extracellular components and whether such classification is
representative of different clinical outcomes. Indeed they found that primary breast tumors
could be classified based upon their extracellular matrix composition. This supports the

hypothesis that clinical outcome is strongly related to stromal characteristics.

Laser capture microdissection (LCM) allows one to isolate nearly pure cell populations from a
heterogenous environment. Combined with DNA microarray it is possible to perform a

cellular based, rather than a tissue based, gene expression profile analysis. Epithelium derived
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from regions of the breast adjacent to tumor, considered normal histopathologically, has been
shown to have a distinct gene expression profile from tumor tissue(111). Patient-matched
“normal” samples (adjacent to tumor) are highly similar to those from mammoplasty
reduction specimen which tells us that normal tissue adjacent to tumor is more similar to
normal tissue of non cancer patients than to the tumor tissue itself, which is as expected. In
this respect the normal tumor adjacent tissue could be used as a baseline control for evaluating

tumor progression which was used for further evaluation in mentioned paper(111).

They indeed found that alterations confering the potential for invasive growth are already

present in the preinvasive stages(111).

How normal is the normal stroma? To focus on this question, Finak et al(112) did LCM to
study normal epithelium and normal stroma derived from patients undergoing breast reduction
mammoplasty or surgical treatment of breast cancer. They found no statistically difference in
gene expression profiles on the two types of histopathologically normal tissue, which is in
agreement with previous studie(111). Some of the same scientists however found a stroma-
derived prognostic predictor (SDPP) that stratifies disease outcome independently of standard

clinical prognostic factors and published expression-based predictors(113).

SDPP reveal the strong capacity of differential immune responses as well as angiogenic and

hypoxic responses, highlighting the importance of stromal biology in tumor progression.

In our biobank we have gathered samples from tumor tissue, tumor adjacent tissue, and tissue
from women having had reduction mammoplasties. In addition we have pairs of tumor tissue
and normal adjacent tissue. Gene expression analysis was performed on these different tissue
types with the intention to study if there are some characteristics in the stroma which are
predictive of breast cancer which could be useful in a clinical setting. We have already found

this in a previous study where two separate genes (Bmi-1 and Mel-18) and their gene products
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were found to be upregulated and expressed already in normal tissue from cancer patients as

opposed to normal tissue from breast cancer patients Riis et al(89).

9.3 Screening vs Interval Cancer

Interval breast cancers are those that are acknowledged between screening situations.
Screening diagnosed breast cancer is thought generally to be less aggressive than these
interval cancers. In some contries they are less aggressive in treatment of these screening
diagnosed cancer. This has been studied with standard clinical markers which showed a
difference in distribution of molecular subtypes according to mode detection(114). To support
these results one may perform gene expression studies and generate a genetic profile of

intervall cancer versus screening detected cancer

This may help us in evaluating screeningdiagnosed breast cancer and might allow us to treat
these patient less aggressively but still give the same overall results. This is work that can be

done retrospectively on expression data we already have worked out.
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Gene expression studies on breast cancer have generally been performed on tissue obtained at the time of surgery. In this study,
we have compared the gene expression profiles in preoperative tissue (core needle biopsies) while tumor is still in its normal
milieu to postoperative tissue from the same tumor obtained during surgery. Thirteen patients were included of which eleven
had undergone sentinel node diagnosis procedure before operation. Microarray gene expression analysis was performed using
total RNA from all the samples. Paired significance analysis of microarrays revealed 228 differently expressed genes, including
several early response stress-related genes such as members of the fos and jun families as well as genes of which the expression has
previously been associated with cancer. The expression profiles found in the analyses of breast cancer tissue must be evaluated with
caution. Different profiles may simply be the result of differences in the surgical trauma and timing of when samples are taken and

not necessarily associated with tumor biology.

1. Introduction

Breast cancer is detected either by clinical signs such as
palpable tumour or in mammographic screening. In both
cases biopsies are taken from the tumour to determine
whether the tumour is benign or malign. If malignancy is
detected, the patient will be scheduled for surgery within a
few weeks. Before the surgery, sentinel node (SN) diagnostics
is generally performed to examine the spread of cancer cells
to axillary lymph nodes. The SN can be identified using a
blue dye, a radioactive colloid, or a combination of the two
[1,2].

Microarray technology enables scientists to study thou-
sands of genes simultaneously. The resulting molecular
profile can be used to study complex multifactorial diseases

such as breast cancer [3, 4]. Gene signatures have been
shown to correlate with clinically relevant clinicopatho-
logical parameters and prognosis [5-7]. These molecular
signatures may be used to predict the individuals for whom
therapy is beneficial and spare unnecessary treatment for
over 80% of the others [6, 8-10].

The time of procurement, which refers to the point of
when the biopsies are taken [11] as well as the postoperative
handling [12], has been found to be a confounding factors
in microarray data analysis in breast cancer. Most of the pre-
viously published studies consist of tumour tissue taken in
connection to surgery. Biopsies taken from the tumour, while
the tumour is within the breast prior to any manipulation,
must be as near to the true expression state as possible. In
this study, we analyzed whether there are differences in genes



expressed in preoperative biopsies obtained in connection
with mammography and postoperative biopsies taken from
the tumour immediately after its removal from the patient.

2. Materials and Methods

2.1. Patients. This study includes 13 patients from which
both a pre- and postoperative samples were available.
Histopathological characteristics are listed in Table 1. All
of the patients had been operated with ablatio mammae
(surgical removal of the entire breast). Sentinel node diag-
nostics using 99 m Tc-labelled colloids were performed in
eleven patients as a part of the surgical procedure [13],
while the remaining two underwent direct complete axillary
dissection. No recurrence of disease has been observed so far
for these patients, but the follow-up time is short. All women
participating in this study have signed an informed consent
and the study design is approved by the Regional Committee
for Medical and Health Research Ethics (REK).

2.2. Tissue Collection. Preoperative needle biopsies were
obtained by an experienced radiologist using a 16 Gauge
core needle device through a small skin incision in a sterile
field. Three samples were processed for routine histological
diagnosis while one sample for molecular analysis was put
directly into RNAlater (Sigma Aldrich, St Louis, MO, USA).
The postoperative samples were taken by the breast cancer
surgeon upon removal of the breast and were preserved in
RNAlater. The RNAlater-stabilised tissue samples were stored
at —80°C. The time delay between the sampling of the pre-
and postoperative specimens were 2—8 weeks.

2.3. RNA Isolation. RNA was prepared using the method
of Wei and Khan [14] but modified to also include
miRNA. Briefly, frozen tissue samples were homogenized in
TriReagent (Ambion, Austin, TX, USA) using a 5 mm steal
bead in a Mixer Mill MM301 (Retsch, Haan, Germany) at 30
Hz for 2 min. After phase separation with 0.2 vol chloroform,
the aqueous phase (containing RNA) was mixed with 1.5 vol
100% ethanol and transferred to RNeasy Mini columns
(Qiagen, Hilden, Germany). Further processing (including
on-column DNase digestion) was per the manufacturer’s
protocol and the purified RNA was eluted with RNase-free
water. RNA concentration was measured using NanoDrop
ND-1000 UV-VIS Spectrophotometer (Thermo Fisher Sci-
entific, Waltham, MA, USA) and the RNA quality analyzed
on a 2100 Bioanalyzer (Agilent, Santa Clara, CA, USA). The
purified RNA was stored at —80°C.

2.4. Microarray Analysis. mRNA amplification, labelling,
and hybridization were done following the manufacturer’s
instructions (Agilent One-Color Microarray-Based Gene
Expression Analysis; Version 5.7). Briefly, 500 ng RNA was
amplified and labelled with Cy3 using the Quick Amp
labelling kit and the labelled cRNA purified using the Qiagen
RNeasy Mini Kit. Amplification and labelling efficiency
were controlled on the NanoDrop before 1.65 ug cRNA was
fragmented and applied to Agilent Whole Human Genome
4 x 44k microarrays (G4112F). After hybridisation for 17 h
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at 65°C the microarray slides were washed and scanned
with the Agilent Microarray Scanner. Microarray data were
extracted using Agilent Feature Extraction (v. 10.7.1.1) and
further quantile normalized and analyzed using J-Express
2009 [15]. For expression values the gProcessedSignal from
Feature Extraction were used and controls and bad spots
were filtered with maximum 20% allowed missing values.
The expression values were log2-transformed and missing
values imputed using the LSImpute Adaptive method. Differ-
ential expression was analyzed using SAM as implemented in
J-Express with 1000 permutations and only genes with false
discovery rate (FDR) < 2.5% were considered significant. The
microarray data are available at the ArrayExpress Archive
(http://www.ebi.ac.uk/microarray-as/ae/) accession number
E-MTAB-470.

Gene functional classification of the significant genes was
performed using DAVID [16, 17] and pathway analysis was
done through the use of Ingenuity Pathways Analysis (IPA;
Ingenuity Systems, Redwood City, CA, USA).

2.5. Quantitative RT-PCR. To confirm the results of the
microarray experiment, QRT-PCR using TagMan low density
arrays (Applied Biosystems, Carlsbad, CA, USA) were per-
formed using primer-probe pairs for 13 of the significant
genes (Table 2). The genes were selected to contain both
up- and downregulated genes. 500ng RNA was reverse
transcribed using the High Capacity cDNA Reverse Tran-
scription Kit (Applied Biosystems) per the manufacturer’s
instructions. Due to lack of material, qRT-PCR was only
performed for ten of the sample pairs. The samples were
further processed using TagMan Gene Expression Master
Mix (Applied Biosystems) and run on the 7900HT Real-
Time PCR System (Applied Biosystems) as per the manufac-
turer’s instructions. Relative changes in gene expression were
analyzed using the AACt-method [18] with the preoperative
sample as control sample for each pair. As endogenous
controls the average of GAPDH, 18S, and ACTB were
used.

3. Results

3.1. mRNA Expression. RNA was isolated from match-
ing samples taken both before and after breast cancer
surgery of 13 patients. After filtering, expression data were
available from 24,105 different probes representing 18,189
different genes. Comparing the gene expressions of the
13 pairs showed that there was relatively little difference
between the pre- and postoperative samples (Figures 1(a)
and 1(b) and Supplementary Figure 1 available online
at doi:10.5402/2012/450267). Paired significance analysis
of microarrays (SAM) [19], however, showed differently
expression for 235 probes with false discovery rate (FDR)
<2.5%, corresponding to 228 different genes (Supplementary
Table 1) that separates the pre- and postoperative samples
(Figures 1(c) and 1(d) and Supplementary Figure 2). The
majority (201) of these genes were upregulated and only
27 were downregulated in the postoperative samples. The
differentially expressed genes contained genes involved in
early response such as FOSB, response to oxidative stress such
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TaBLE 1: Histopathological characteristics of the patients included in the study.

Case Age ;Fum*our TNM Tumour Preoperative Postoperative
ype size (cm) Tumor content  pp+ (%) PGR' HER2' Tumor content oy (%) PGR!
(%) (%)

2 54 IDC T2gr3N2MO 4.3 30 +(>50) - + 30 - -
3 42 IDC T2gr3NOMO 4.8 40 - - - 60 - -
4 67 IDC T2gr2N1MO 3.5 50 +(>50) + - 55 +(>50) +
5 82 IDC T1cgr3aNOMO 1.8 30 +(>50) + - 40 +(>50) +
6 52 IDC T2gr3N3MO0 2.0 5 - - + 5 - -
7 68 IDC T1cgr3NIMO 1.3 35 + (>50) - + 40 + (>50) +
8 76 IDC T1cgr2NOMO 1.4 40 - - - 35 - -
9 70 IDC T1bgrINOMO 0.9 25 +(>50) + - 25 +(>50) +
0 77 IDC T2gr3N1IMO 2.6 50 +(>50) - - 15 +(>50) -
11 6l IDC T2gr3N1MO 2.5 50 - - + 40 - -
13 79 IDC T2gr3NOMO 2.3 45 +(>10) - + 55 +(>1) -
14 70 IDC T2gr2NOMO 2.3 35 + (>50) + - 35 + (>50) +
15 68 ILC T2gr2NOMO 2.5 50 + (>50) - 30 + (>50) +

“IDC: infiltrating ductal carcinoma; ILC: infiltrating lobular carcinoma.
TER: oestrogen receptor status; PR: progesterone receptor status; HER2: HER?2 receptor status.

TaBLE 2: TagMan assays used for validation QRT-PCR and correlation between the microarray and the qQRT-PCR results. The P values given
are for positive correlation. r: Pearson’s product-moment correlation.

Gene Array probe ID TagMan assay ID Task r P

18S NA Hs99999901_s1 Endogenous control NA NA
A23_P31323
A_24 P226554

ACTB A4 P226554 Hs99999903_m1 Endogenous control 0.904 1.7E - 4
A_32_P137939

ANGEL2 A_24 P28622 Hs00404357_m1 Target 0.238 0.254
A 23 P143734

CYP2D6 A 23 P155123 Hs02576167_m1 Target 0.262 0.232
A_23_P46426

CYR61 A 24 P370946 Hs00155479_m1 Target 0.894 24E — 4

DUSPI A23 P110712 Hs00610256 g1 Target 0.983 1.7E -7

DUSP9 A_24 P417189 Hs00154830_-m1 Target —0.630 0.965

EVI2B A23 P66694 Hs00272421s1 Target 0.945 1.8E-5

FOSB A_23.P429998 Hs00171851_m1 Target 0.749 0.006

GAPDH A23.P13899 Hs99999905_m1 Endogenous control 0.632 0.025

MALATI A24 P497244 Hs00273907_s1 Target 0.332 0.174

MAPK3 A23.P37910 Hs00385075_-m1 Target -0.018 0.520

NFR«B A_23 P24485 Hs00196269_-m1 Target —0.169 0.680
A_24 P213494

PTPRE A 24 P213503 Hs00369944_m1 Target 0.413 0.118

A_24_P348006
RASDI A_23.P118392 Hs02568415_s1 Target 0.797 0.003

TMEM19 A_24_P358976 Hs00217586_m1 Target 0.248 0.245
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TABLE 3: Selected genes that are differently expressed between pre- and postoperative samples.
Gene name Agilent ID Description SAM Fold Change
Called FDR q-val Mean Range
Chemokine (C-X3-C motif) ligand 1
CX3CLI A24.P390495 (CX3CLI), mRNA (NM_002996) 21 0 0 2.99 0.90-4.09
CYPaDs A23P143734  Cytochrome P450, family 2, subfamily D, 18 0 0 1.65 0.58-3.55
A23P155123  Polypeptide 6 (CYP2D6), transcript 103 208 155 151 046-338
variant 1, mRNA (NM_000106)
CYR61 A_23_P46426 Cysteine-rich, angiogenic inducer, 61 163 1.75 1.65 4.07 0.61-12.88
A24P370946  (CYR61), mRNA (NM.001554) 196 182 179 551 036-22.80
Dual specificity phosphatase 1 (DUSPI),
DUSP1 A23P110712 [ RNA (NM_004417) 217 23 2.20 318 0.49-12.69
Dual specificity phosphatase 9 (DUSP9),
DUSP9 A24PAI7189 | RNA (NML001395) 7 0 0 2.12 1.15-2.88
FBJ murine osteosarcoma viral oncogene
FOSB A23.P429998 ~ homolog B (FOSB), transcript variant 1, 203 211 2.01 2.79 0.96-24.26
mRNA (NM_006732)
Metastasis associated lung
adenocarcinoma transcript 1 (nonprotein
MALATI A24PA97244  Coding) (MALATI), noncoding RNA 3 0 0 3.54 1.31-9.97
(NR_002819)
Mitogen-activated protein kinase 3
MAPK3 A_23_P37910 (MAPKS3), transcript variant 1, mRNA 42 1.70 1.30 2.01 0.40-2.55
(NM_002746)
nuclear factor related to kappaB binding
NFR«B A_23_P24485 protein (NFR«B) , transcript variant 2, 183 1.95 1.79 161 0.63-3.25
mRNA (NM_006165)
RABI17, member RAS oncogene family
RABI7 A23_P5778 (RAB17), mRNA (NM_022449) 10 0 0 1.84 0.23-4.36
RAS protein activator like 1 (GAP1 like)
RASALI A23P139600  (RASALI), mRNA (NM_004658) 140 204 165 1.46 0.38-2.41
RASDI A_23_P118392 RAS, dexamethasone-induced 1 105 2.04 1.55 3.14 0.88-21.55
A24p348006  (RASDI), mRNA (NM.016084) 27 0 0 269 0.85-12.90
ras homolog gene family, member B
RHOB A23P51136  (RHOB), mRNA (NM.004040) 16 0 0 1.99 0.51-2.96
ras homolog gene family, member U
RHOU A23P114814  (RHOU), mRNA (NM_021205) 122 175 155 2.68 0.71-3.65
Rho-related GTP-binding protein RhoV
(Wnt-1 responsive Cdc42 homolog
2)(WRCH-2)(CDC42-like GTPase
RHOV A23_P117912 184 1.94 1.79 1.60 0.25-5.45

2)(GTP-binding protein-like 2) (Rho
GTPase-like protein ARHV)
(ENST00000220507)

» «

(IPA) and includes “cellular movements,

connective tis-

as DUSPI1,9 as well as genes earlier identified as differentially
expressed in cancer (MAPK, MALAT1, RASDI, etc) (Table 3).

Gene functional classification in DAVID of the upreg-
ulated genes showed enrichment for four groups (kinase/
phosphatase, Ras, negative regulation of transcription, and
transmembrane) while the downregulated genes mainly
correspond to transmembrane proteins (Table 4). Gene
function was also analyzed by Ingenuity Pathways Analysis

sue development and movement” and “cellular growth
and proliferation” (Figure 2). IPA also identified molecular
networks connecting several of the genes: FOSB, ERK,
MAPK3, CYR61, and the RAS-genes (Figure 3(a)); DUSPI,
ERK1/2, P38MAPK, DUSP9, and RASDI (Figure 3(b));
CYR61 and NFRkB (Figure 3(c)) amongst other (Supple-
mentary Figure 3).
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TaBLE 4: Gene functional classification (DAVID) of the differently expressed genes.

Gene name Agilent ID Description

Gene group 1 Enrichment score: 2.11

Kinase/phosphatase
DCAKD A_24 P58331 Dephospho-CoA kinase domain containing
SIK2 A_23_P138957 Salt-inducible kinase 2
ITPKC A_23_P208369 Inositol 1,4,5-trisphosphate 3-kinase C
DAK A23_P36129 Dihydroxyacetone kinase 2 homolog (S. cerevisiae)
RIPK4 A_23_P211267 Receptor-interacting serine-threonine kinase 4
CHKA A23_P136135 Choline kinase alpha
DDRI A-23.P93311, Discoidin domain receptor tyrosine kinase 1
A 24 P367289

STK35 A_24_P940537 Serine/threonine kinase 35
ACTR3B A23_P123193 ARP3 actin-related protein 3 homolog B (yeast)
INOS80 A 24 P39454 INO80 homolog (S. cerevisiae)
EPHAI A_23_P157333 EPH receptor Al
BCR A_24_P15270 Breakpoint cluster region
CAMKID A_23_P124252 Calcium/calmodulin-dependent protein kinase ID
HISPPD2A A 23 P205818 Histidine acid phosphatase domain containing 2A

Gene group 2 Enrichment score: 1.35

Ras
RHOB A 23 P51136 Ras homolog gene family, member B
RHOV A_23_P117912 Ras homolog gene family, member V
RASDI A-24-P348006, RAS, dexamethasone-induced 1
A 23.P118392 >

RABI17 A_23_P5778 RAB17, member RAS oncogene family
RHOU A_23_P114814 Ras homolog gene family, member U

Gene group 3 Enrichment score: 1.26

Negative regulation of transcription

ARID5B A_23.P97871 AT rich interactive domain 5B (MRF1-like)
COBRAI A_23_P148150 Cofactor of BRCA1
THIL A_24_P222126 TH1-like (Drosophila)
FOXD3 A_23_P46560 Forkhead box D3
EID2 A_23_P365844 EP300 interacting inhibitor of differentiation 2

Gene group 4 Enrichment score: 0.42

Transmembrane

PQLCI A_24 P181677 PQ loop repeat containing 1
RNF215 A_32_P420563 Ring finger protein 215
KIAA1305 A_23_P129005 KIAA1305
TMEM49 A_32_P9753 Transmembrane protein 49
F1IR A_24.P319369 F11 receptor
RBMSA A_23_P305335 Gonadotropin-releasing hormone (type 2) receptor 2
KIAA0922 A_23_P257250 KIAA0922
TSPANI12 A_23.P145984 Tetraspanin 12
DGCR2 A_24 P125881 DiGeorge syndrome critical region gene 2
PCDHI A_23_P213359 Protocadherin 1
LMBRD?2 A_32_P8952 LMBRI1 domain containing 2
GPR65 A_23_P14564 G protein-coupled receptor 65
EVI2B A_23_P66694 Ecotropic viral integration site 2B
RTF1 A_24_P93741 RFT1 homolog (S. cerevisiae)
TMEMI19 A_24_P358976 Transmembrane protein 19
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TasBLE 4: Continued.

Gene name Agilent ID Description

GPRI55 A_23_P335958 G protein-coupled receptor 155
OSMR A_24_P145134 Oncostatin M receptor
TMEMY97 A_32_P201521 Transmembrane protein 97
PTPRE A_24_P213503,

A_24_P213494

Protein tyrosine phosphatase, receptor type, E

(a)
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FiGure 1: Unsupervised (a) and supervised (c) CA plots of mRNA expression in pre- and postoperative breast cancer tumours, and
their corresponding clustering maps (b, d). The samples are marked by their respective numbers followed by either B, which defines the
preoperative samples, or T, which defines the postoperative samples. The unsupervised chart was made using all 18,189 genes (24,105
probes) expressed on the microarrayss whereas for the supervised only the 228 genes (235 probes) with FDR < 2.5% from paired SAM were

used.

3.2. Quantitative RT- PCR Validation. To confirm the results
of the microarray experiment, qRT-PCR was performed
using primer-probe pairs for the top significant genes. The
genes were selected to contain both up- and downregulated
genes. The microarray and the qRT-PCR results were in
agreement with the following genes (Figure 4 and Table 2):
ACTB, CYR61, DUSPI, EVI2b, FOSB, GAPDH, and RASDI.

3.3. Histological Analysis versus Gene Expression Analysis.
Immunohistochemistry was performed on the pre- and the
postoperative samples. Overall the tumour content in the two

samples were comparable and there was no systematic bias
(Table 1), indicating that the gene expression as measured
by microarray is comparable in the pairs. In addition, ER
and PGR status for the pre- and postoperative specimen were
similar (Table 1).

4. Discussion

Microarray studies have influenced breast cancer research
over the last decade revealing breast cancer as a heteroge-
neous disease opening for individual treatment in a clinical
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perspective. Therefore, the results from microarray studies
need to be validated. Multiple studies have generated differ-
ent gene list and studied the reproducibility and correlation
with prognosis [20-22]. Despite the difference in develop-
ment of these signatures and the limited overlap in gene
identity, they show similar prognostic performance, adding
to the growing evidence that these prognostic signatures
are of clinical importance [20]. There are two prospective
ongoing studies, the MINDACT trial [23] in Europe and
TAILORx [24] in USA which will evaluate the prognostic
potential of this technology.

One important question may be if the differences in
gene expressions are related to tumour biology or reflect
the surgical trauma of the patient or the manipulation of
the tumour tissue during the operative procedure or the
time of specimen handoff. If altered gene expression is
caused by such exogenous factors, the results may differ
considerably between studies depending on the operative
procedure and the time spent at the operation before taking
the tissue samples. It is therefore important to evaluate if
gene expression patterns differ between biopsies taken before
and after surgical procedure. This has been done in our
study with 13 patients and the gene list of 228 genes was
dominated by stress-related genes like CYR61, MALATI,
RASDI, CX3CLI1, FOSB, and CYP2D6. Some of these genes
have been studied by others in relation to oxidative stress
[25-27] and also psychological stress [28]. These genes have
different functions all included in very important pathways
with strong hubs such as MAPK3, NFR«B, FOS, and ERK.

Upregulation of Fos has been associated with breast
cancer in a number of studies [29-31]. The fos-gene
family consists of 4 members: FOS, FOSB, FOSLI, and
FOSL2. These genes encode leucine zipper proteins that

can dimerise with proteins of the jun-family, and the
Fos-proteins have been implicated as regulators of cell
proliferation, differentiation, and transformation. Another
gene, CYR6I (cysteine-rich, angiogenic inducer, 61), most
strongly associated to differential expression in pre- and
postoperative samples, belongs to the CCN-family [32] and
mediates cell proliferation, survival, and apoptosis. Acting
as an extracellular matrix-associated signalling molecule,
CYR61 promotes the adhesion of endothelial cells through
interaction with the integrin avf3 and augments growth
factor-induced DNA synthesis in the same cell type [33].
In this aspect, it is both chemotactic and angiogenic, two
properties important for tumour growth and vascularisation.
CYR61 is claimed to play a critical role in oestrogen, as well
as growth factor-dependent breast tumour growth [34]. In
our list of genes, CYR61 is repeatedly connected in most of
the involved pathways. Further studies will be necessary to
confirm and explain this association.

It is of particular importance to take into considera-
tion knowledge about gene expression differences in pre-
and postoperative tissue samples in the case of treatment
response studies in the neoadjuvant setting, when the first
sample is frequently taken by biopsy and the second during
operation. In a study comparing gene expression profiles
before and after doxorubicin and cyclophosphamide neoad-
juvant chemotherapy [35] one of the genes upregulated after
the first chemotherapy treatment was DUSPI. Expression
of this gene may be associated with resistance to further
administration of chemotherapy. In our study DUSPI was
one of the significantly upregulated genes in postoperative
tissue. DUSPI is a stress response gene of the mitogen-
activated protein (MAP) kinase phosphatase family and is
located in the cytoplasm, mitochondria, and the nucleus.
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FIGURE 3: Most enriched molecular networks showing interactions between the significant genes (according to SAM)—(a) FOSB, ERK,
MAPK3, CYR61, and the RAS-genes; (b) DUSP1, ERK1/2, P38MAPK, DUSP9, and RASDI; (c) CYR61 and NFR«B. The gene identifiers and
corresponding expression values were uploaded into in the Ingenuity Pathway Analysis. Networks were then algorithmically generated based
on their connectivity in Ingenuity’s Knowledge Base. Molecules are represented as nodes, and the biological relationship between two nodes
is represented as an edge (line). The intensity of the node colour indicates the degree of (red) up- or (green) downregulation. Nodes are
displayed using various shapes that represent the functional class of the gene product.

The gene has been shown to be overexpressed in human  cellular response to oxidative stress [37]. A similar discussion
breast cancer [36] through different signalling pathways. One ~ could be relevant on molecular profiling of inflammatory
important pathway is in response to stress which is mediated ~ breast cancer [29], where DUSPI was also among the
in part through the p38 MAPK pathway. Later studies  genes suggested to be useful diagnostic and prognostic
have implicated that DUSPI is controlled by p53 during  markers. Our study suggests that such findings have to (1)
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TaBLE 5: Intrinsic subtypes of the tumours. Samples with all correlations < 0.1 were not assigned to any subtype.
. Score
Patient no. Sample type Subtype
LumA LumB ERBB2 Normal Basal Max

5 Preoperative —0.050 0.231 0.103 —-0.191 —0.034 0.231 Luminal B
Postoperative —0.081 0.193 0.010 0.011 0.062 0.193 Luminal B

3 Preoperative —0.465 0.213 0.215 —-0.061 0.616 0.616 Basal-like
Postoperative —0.454 0.177 0.190 0.010 0.668 0.668 Basal-like

4 Preoperative 0.064 0.152 —0.058 -0.268 —-0.085 0.152 Luminal B
Postoperative 0.085 0.063 0.017 -0.271 -0.227 0.085 NA

5 Preoperative —0.001 0.032 —-0.028 0.014 -0.116 0.032 NA
Postoperative —0.050 0.088 —0.061 —0.056 —-0.079 0.088 NA

6 Preoperative —0.454 0.067 0.477 -0.017 0.374 0.477 ERBB2
Postoperative —-0.576 0.096 0.531 —-0.015 0.410 0.531 ERBB2

7 Preoperative 0.234 0.031 —0.165 -0.212 —-0.224 0.234 Luminal A
Postoperative 0.123 —-0.115 —0.106 0.067 —-0.185 0.123 Luminal A

3 Preoperative —-0.117 -0.011 0.222 —0.066 0.031 0.222 ERBB2
Postoperative —0.066 —0.060 0.144 —0.065 —-0.039 0.144 ERBB2

9 Preoperative -0.127 —-0.189 0.149 0.188 0.055 0.188 Normal-like
Postoperative —0.040 —-0.220 0.077 0.266 0.005 0.266 Normal-like

10 Preoperative 0.032 0.039 -0.025 -0.085 -0.138 0.039 NA
Postoperative —0.003 0.218 —0.082 —-0.201 —-0.035 0.218 Luminal B

1 Preoperative —0.269 0.260 0.242 —-0.163 0.217 0.260 Luminal B
Postoperative —0.147 0.292 0.132 —0.174 0.086 0.292 Luminal B

13 Preoperative —0.266 0.130 0.166 —0.002 0.211 0.211 Basal-like*
Postoperative —0.105 0.246 0.089 -0.197 0.007 0.246 Luminal B*

14 Preoperative 0.169 —0.111 —0.142 —0.017 —-0.170 0.169 Luminal A*
Postoperative 0.068 —-0.175 —-0.092 0.196 —-0.026 0.196 Normal-like*

15 Preoperative 0.356 —-0.013 —-0.328 —-0.188 —-0.338 0.356 Luminal A
Postoperative 0.223 —0.065 —-0.131 —0.094 —-0.349 0.223 Luminal A

*Different subtypes in the pre- and postoperative samples.

demonstrate upregulation above the one observed here by
us attributable to the pre- and postoperative factors and (2)
that deregulation attributable to the pre- and postoperative
factors is similar in the compared case/control or treatment
arm groups.

In the present study, it is not possible to separate the
effects of operative manipulation, anaesthesia, or the injec-
tion of radioactive substance to examine spread of cancer
cells. For the latter, we should have had a biopsy after the
application of radioactivity not before operation. However,
both ethical and logistical considerations make collection
of such a sample infeasible. Wong et al. [11] studied the
effects of timing of fine-needle aspiration biopsies. Using
hierarchical clustering analysis, they found 12 genes to be
differentially expressed before and after surgery, which were
in agreement with our study all fos-related. However, it was
unclear whether any other treatment, like sentinel node, was
given to patients between the two time points. It has been

previously shown that both fine-needle aspiration biopsy and
central core biopsy yield a similar quality and quantity of
total RNA and that microarray profiles are mainly the same
[38]. Microscopic cell counts have demonstrated that there
are more stromal cells present in core biopsies compared to
fine-needle biopsies [38], and the core biopsy is therefore
needed for the complete histological examination.

Another confounding factor in the analysis of gene
expression profiles of breast cancers is intratumour hetero-
geneity [39, 40]. Even though this study was not designed
to analyze this, molecular subclassification [41] of the
samples did in a few cases give different result for the
pre- and postoperative samples (Table 5). Interference from
surrounding normal tissue is not likely since the overall gene
expression profiles of the pre- and postoperative samples
were very similar and distinct from that of adjacent normal
tissue (Supplementary Figure 1), thus, suggesting true cases
of intratumour heterogeneity.
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FIGURE 4: Relative expression of selected genes on microarrays
(upwards) and qRT-PCR (downwards). Values shown are mean
expression +SE. For easier comparison, both the microarray and
qRT-PCR values were gene-centered.

As we have seen there are genes that are differently
expressed between the pre- and postoperative samples. We
compared our gene lists to some of the publically avai-
lable gene list to see if there were any overlapping genes.
The Oncotype DX consists of 21 genes, 16 cancer related
genes, and 5 reference genes [42]. One of these is also
found in our gene list which differs between pre- and
postoperative samples, namely, GRB7, which is upregulated
in the postoperative samples. GRB7 was associated with
an increased risk of recurrence in TNBC (tripple negative
breast cancer) treated with adjuvant doxorubicin-containing
chemotherapy, suggesting that GRB7 or GRB7-dependent
pathways may serve as potential biomarkers for therapeutic
targets [43, 44]. We have shown that this gene is upregulated
in the postoperative sample. Even though the gene has been
well characterized in vitro [45-47], it is of interest that we
find it in the list of genes separating pre- and postoperative
samples.

We also wanted to compare the 70 genes listed in the
Mammaprint which were based on the intrinsic gene list [6].
As with the Oncotype DX, there was only one single gene
(NDRGI) in common for the 70 gene list in Mammaprint
with our gene list separating pre- and postoperative samples.
NDRGI (N-myc downstream-regulated gene 1) is a member
of the N-myc downregulated gene family which belongs to
the alpha/beta hydrolase superfamily. The protein encoded
by this gene is a cytoplasmic protein involved in stress
responses, hormone responses, cell growth, and differenti-
ation. The encoded protein is necessary for p53-mediated
caspase activation and apoptosis. Expression of this gene
may be a prognostic indicator for several types of cancer
(provided by RefSeq, May 2012). The gene is significantly
upregulated in the postoperative samples of the present
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study. It is known to be induced by stress, through hypoxia
[48], like many of the other genes mentioned above.

Low expression of NDRGI is correlated with poor
clinical outcome in breast cancer [49]. It has also been
shown that expression of NDRGI is downregulated upon
estradiol stimulation, and its expression is correlated with
favorable prognosis in breast cancer patients [50]. On the
other hand, induction of its differentiation is considered
a promising alternative or complementary to standard
anticancer chemotherapy. One may speculate why this
gene is upregulated in the postoperative samples. Stress is
probably the cause, but since the gene is a positive predictive
factor, can we then say that we place the tumor into a
different prognostic group simply because of the stress of
the procedure. Fotovati et al. [51] concluded that NDRGI
could be used as a biomarker for differentiation of breast
cancer for both diagnostic and therapeutic purposes. Still it
is very important to be aware of at what material the gene is
measured upon.

Our study shows the expression profiles found in the
analyses of breast cancer tissue must be evaluated with
caution. Different profiles may simply be result of differences
in the surgical trauma and timing of when samples are taken,
and not necessarily associated with tumor biology.
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Breast cancers today are of predominantly T1 (0.1 > 2.0cm) or T2 (> 2 < 5cm) categories due to early diagnosis. Molecular
profiling using microarrays has led to the notion of breast cancer as a heterogeneous disease both clinically and molecularly. Given
the prognostic power and clinical use of tumor size, the purpose of this study was to search for molecular signatures characterizing
clinical T1 and T2. In total 46 samples were included in the discovery dataset. After adjusting for hormone receptor status, lymph
node status, grade, and tumor subclass 441 genes were differently expressed between T1 and T2 tumors. Focal adhesion and
extracellular matrix receptor interaction were upregulated in the smaller tumors while p38MAPK signaling and immune-related
pathways were more dominant in the larger tumors. The T-size signature was then tested on a validation set of 947 breast tumor
samples. Using the T-size expression signatures instead of tumor size leads to a significant difference in risk for distant metastases
(P < 0.001). If further confirmed, this molecular signature can be used to select patients with tumor category T1 who may need

more aggressive treatment and patients with tumor category T2 who may have less benefit from it.

1. Introduction

Breast cancer is by far the most frequent cancer among
women, and ranks second overall [1]. Guidelines for breast
cancer treatment are based upon classical clinicopathological
parameters: age, tumor size, grade, lymph node status, and
histological type; in addition to hormone receptor status [2].
Lymph node (N) status is the most powerful single indicator
of breast cancer prognosis [3], while tumor size, categorized
into four groups (T1-4) is the second strongest indicator and
is independent of lymph node status [3]. Here we attempted
to identify the molecular background behind this prognostic
effect of tumor size.

Mammographic screening has led to breast cancer diag-
nosis at preclinical stage and, as a consequence, most diag-
nosed cases present as T1 or T2, with significantly better
survival in T1 tumors [4]. Nevertheless, T1 tumors may also
give recurrence or metastases. Chemotherapy and hormonal
treatment reduce the risk of recurrence or distant metas-
tases by approximately 30% and according to the current
guidelines whether a tumor is T1 or T2 is a critical factor in
treatment decision. However, 70-80% of patients would have
survived without adjuvant treatment [5]. How to distinguish
the patients that would benefit from adjuvant treatment
would therefore be of great value to the patient preventing
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FIGURE 1: Unsupervised hierarchical clustering using the 441 significant probes after adjustment for clinical parameters. Genes are listed
vertically and each patient is represented in the columns. Clinical T1 tumors are shown in green while clinical T2 tumors are shown in red.

possible severe side effects, and to the community saving
from unnecessary health expenses.

Microarray technology has enabled to study thousands
of genes simultaneously. Interpretation of the data requires
advanced statistical analysis [6] and there has been a long way
to clinical implication [7]. Hierarchical clustering has been
the simplest algorithm applied to organize both genes and
samples into groups based on similarity of gene expression
[8]. Based on this, breast cancers have been separated into
several molecular subclasses [9]. This implies breast cancer as
a heterogeneous group of malignancy with distinct molecular
signature. The molecular subgroups have been studied in

respect of clinical implication and are significantly correlated
to overall survival and recurrence of disease [10]. As opposed
to this unsupervised approach, the principle of supervised
analysis is one where predictive models are built based on
existing knowledge of the clinical characteristics [11, 12]. This
methodology has also been used to establish a good and a
poor prognosis profile which is a more powerful predictor
of outcome in young patients with breast cancer than the
standard systems based on clinicohistological criteria [10, 13].

Since one of the most crucial factors of treatment decision
is tumor size, we aimed to find a gene expression profile
which will best characterize the two most common groups of
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tumors: T1 and T2. We first identified the most differentially
expressed genes between T1and T2 tumors in 46 patients and
characterized the biological pathways active in each category.
We then validated this gene list on other publically available
datasets.

2. Materials and Methods

2.1. Sample Collection. Core needle biopsies were collected
at Akershus University Hospital, Norway, between 2003
and 2007. The tumors were detected clinically or through
screening by mammography. The samples were taken under
ultrasound guidance and immediately placed into RNA later
(Sigma Aldrich, St. Louis, MO, USA). The stabilized samples
were stored at —80°C. The study is approved by the Regional
Committee for Medical and Health Research Ethics (REK)
and all women included have signed a consent form.

This study includes in total 46 samples, 27 T1 and 19
T2 infiltrating ductal carcinomas. T1 lesion is defined as no
more than 2cm in size while T2 lesion is defined as above
2cm up to 5cm. The clinical parameters of the tumors are
summarized in Table 1 and Figure 1. Within the T1 group
two women had recurrence or metastasis, both of these are
deceased. In addition two other women in this group are
deceased but without cancer specific death. In the T2 group
two patients had metastasis or recurrence, one of these has
deceased. In addition there was one more case of mortality
in this group; this patient developed malignant melanoma
with liver metastasis which was the probable cause of death.

Among the women in the T2 group two patients developed a
new breast cancer.

2.2. RNA Isolation. Frozen biopsies were homogenized in
600 uL Trizol (Invitrogen, Carlsbad, CA, USA) usinga 5mm
steal bead (Qiagen, Hilden, Germany) and a Mixer Mill
MM301 (Retsch, Haan, Germany) at 20 Hz for 2 min before
adding an additional 600 uL Trizol, followed by 240 uL
chloroform (Sigma Aldrich). After centrifugation (15min,
12000 xg, 4°C) the upper aqueous phase was transferred to
anew tube and RNA precipitated by adding an equal volume
of isopropanol. After centrifugation the pellet was washed 2-
3 times with 75% ethanol and dissolved in 40 yL RNase-free
water (Ambion, Austin, TX, USA). Concentration was mea-
sured using NanoDrop (Thermo Fisher Scientific, Waltham,
MA, USA) and RNA quality assayed on a 2100 Bioanalyzer
(Agilent, Santa Clara, CA, USA). The purified RNA was
stored at -80°C.

2.3. Microarray Analysis. 10 ug total RNA was amplified
using Amino Allyl MessageAmp II aRNA Amplification
Kit (Ambion) followed by posttranscriptional labeling with
CyDye Cy3 or Cy5 (GE HealthCare, Chalfont St. Giles,
UK). As a reference probe universal human reference RNA
(UHR; Stratagene, La Jolla, CA, USA) was amplified and
labeled as above. Amplification and labeling efficiency were
controlled on the NanoDrop. Labeled cRNA corresponding
to 20 picomoles cyanine dye each of experimental and
reference samples were mixed and hybridized to Agilent
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FIGURE 3: ECM receptor interactions are upregulated in clinical T1and downregulated in clinical T2. Red star implies the gene is upregulated

in clinical T1 and downregulated in clinical T2.

Whole Human Genome Oligo Microarrays (1 x 44 k format)
per manufacturer’s protocol (Ver. 4.1). After hybridization at
60°C for 17 hours the arrays were washed and scanned using
an Agilent scanner.

Data collection and quality assessment were performed
using Agilent Feature Extraction software v8.5 with default
parameters. Preprocessing was performed using JExpress Pro
v2.7 [14]. Poor spots flagged by Feature Extraction were
filtered out and Loewess normalization applied. Missing
values were calculated with the LSimpute function for genes
with less than 5% missing values. To find significant changes
of genes/probes between the two tumor stages, Statistical
Analysis of Microarray (SAM) [15] was applied. To adjust for
lymph node status, differential grade, estrogen and proges-
terone receptor status, and breast cancer subtype, a partial
least squares regression analysis was performed with the pls
package in R [16, 17]. To find biological functions pathway
analysis was performed for the up- and downregulated
genes in T1 and T2 using DAVID [18, 19]. The upregulated

genes in T1 are simultaneously the downregulated genes in
T2 and vice versa. To confirm and visualize the differen-
tial expression between T1 and T2 tumors, unsupervised
hierarchical clustering using the genes/probes significantly
deregulated by SAM was performed in JExpress Pro. The
microarray data have been submitted to the ArrayExpress
Archive (http://www.ebi.ac.uk/microarray-as/ae/), accession
number: E-MTAB-1049.

2.4. Validation Set. To validate the T-size signature in an
independent dataset, we collected expression profiles of 947
breast tumor samples [20] from six published microarray
datasets [21-26] with updated followups. The datasets are
accessible from NCBI’s Gene Expression Omnibus (GEO,
http://www.ncbi.nlm.nih.gov/geo/) with the following iden-
tifiers; GSE6532 for the Loi dataset [21], GSE3494 for the
Miller dataset [22], GSE1456 for the Pawitan dataset [23],
GSE7390 for the Desmedt dataset [24], and GSE2603 for
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FIGURE 4: Neurotrophin signaling pathway is among the pathways downregulated in clinical T1 and upregulated in clinical T2. Red stars

imply genes that are downregulated in clinical T1 and upregulated in T2.

the Minn dataset [25]. The Chin dataset [26] is available
from ArrayExpress (http://www.ebi.ac.uk/) with identifier E-
TABM-158.

These datasets were all measured on Human Genome
HG-U133A Affymetrix arrays. Each dataset was RMA-
normalized [27] and median centered per gene. All over-
lapping samples from the Desmedt and Loi datasets were
excluded. The datasets were then merged based on the
common probes. Gene centering has been shown to effec-
tively remove many data set specific biases allowing effective
integration of multiple data sets [28]. The merged dataset did
not show batch effect after pulling (see Zhao et al. [20]).

2.5. Gene Signatures Evaluated on the Validation Set. For the
T-size signature, tumors in the validation set were assigned
to either T1-like group or T2-like group using the nearest of
the T-size expression centroids (distances computed using
correlation to the centroids). The risk group assignment
corresponded to the label of the centroid with the highest

correlation. We did not apply a correlation cutoff when
assigning risk groups; every sample received a classification
based on the T-size signature.

We further compared the prognostic power of the T-size
signature with eight established prognostic gene signatures
for breast cancer. These are Intrinsic [9, 29, 30], PAM50
[31], 70-gene or MammaPrint (Agendia, Amsterdam, The
Netherlands) [13, 32], 76-gene [33], Genomic-Grade-Index
(GGI) [21, 34], 21-gene-Recurrence-Score (RS) or Oncotype
DX (Genomic Health Inc., Redwood City, CA) [35], Wound-
Response (WR) signature [36, 37], and Hypoxia signature
[38, 39]. All included gene signatures were implemented
using the original algorithms. For Intrinsic and PAM50, in
addition to subtype classification, a risk score per sample was
computed by linear combination of the centroid correlations
in ROR-S model (Risk-Of-Relapse scores by Subtype alone)
[31]. A pseudo Oncotype DX Recurrence Score per patient
was computed by the unscaled Recurrence Score [35]. For 76-
genes, GGI and RS, rather than assigning risk groups based
on published cutoffs, we used a population-based approach
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FIGURE 5: T-size signature for prediction for Distant Metastasis Free Survival (DMFS) on the Affy947 breast cancer dataset. Survival
probabilities associated with the risk groups are shown by Kaplan Meier plot. A total of 912 patients had available DMEFS status. Follow-up
time is shown in month. (a) T-size signature in the complete set. (b) In pT1 tumor subset. (c) In pT2 tumor subset.

in which a fixed proportion of the population was assigned to
each risk group. The proportions were derived from previous
datasets associated with individual signatures [24, 34, 35].
We found this necessary as our analyses differed from the
original methods in technical or methodological manners
(see details in Zhao et al. [20]). To make a fair comparison
across signatures, we assessed the signatures on the full
dataset.

2.6. Survival Analysis. The signatures were evaluated for
prediction of Distant Metastasis Free Survival (DMFS). A

total of 912 patients on the validation set (n 947)
had available DMFS status with median followup for 81
months. The Kaplan-Meier survival curves were plotted for
the corresponding risk groups. The differences in survival
probabilities associated with the risk groups were tested by
a logrank test.

A likelihood ratio test was used to assess the significance
of the overall effect in a univariate comparison of predictors.
Deviance was used to check the goodness of the model
fit. The marginal contribution by a single predictor in the
univariate setting was evaluated using the proportion of
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TaBLE 1: Summary of patient characteristics.

Sample Stage Size/cm Grade Node ER PgR Recurrence/metastasis Deceased

24 T1 0.8 2 1 Positive Positive

29 T1 0.8 2 0 Positive Positive

51 T1 1.0 1 0 Positive Negative

55 T1 0.8 3 0 Positive Positive

62 T2 25 3 2 Negative Negative

69 T1 1.4 2 0 Positive Positive

73 T1 1.8 2 0 Positive Positive

78 T1 1.2 2 0 Positive Positive

81 T2 2.3 2 1 Positive Positive

83 T1 L9 3 1 Positive Positive

84 T1 1.0 2 0 Positive Positive

94 T1 1.9 3 0 Positive Negative Yes Yes

99 T2 4.0 3 0 Negative Negative

101 T1 1.9 3 0 Positive Positive Yes

122 T2 3.4 3 1 Positive Negative Yes

124 T1 0.9 1 0 Positive Positive

129 T1 0.8 2 0 Positive Negative

130 T2 2.2 3 2 Positive Positive Yes Yes

143 T2 2.8 2 0 Positive Positive

147 T1 1.0 1 0 Positive Positive

148 T1 0.9 2 0 Positive Positive

149 T1 1.0 1 0 Positive Positive

152 T1 15 2 1 Positive Positive

170 T2 4.0 2 1 Negative Negative

172 T1 L9 2 1 Negative Negative Yes

175 T2 25 3 0 Negative Negative

176 T2 2.7 3 0 Positive Positive

178 T1 12 2 1 Negative Positive Yes Yes

179 T1 1.8 2 1 Positive Positive

191 T1 1.4 1 0 Positive Positive

200 T1 15 2 0 Negative Positive

211 T1 1.7 2 2 Positive Positive

213 T2 3.0 3 1 Negative Negative

214 T1 12 2 0 Positive Negative

218 T2 21 1-2 1 Positive Negative

222 T2 21 2 0 Positive Positive New BC

227 T1 1.8 2 0 Negative Positive

228 T2 3.0 3 0 Negative Negative

231 T2 21 2 0 Positive Negative

233 T2 3.0 3 0 Negative Negative New BC

237 T2 2.1 2 0 Positive Positive

244 T1 0.6 2 0 Positive Positive

270 T2 3.0 3 0 Positive Negative Yes

272 T2 23 2 1 Positive Negative

280 T2 3.2 2 0 Negative Positive

283 T1 13 2 1 Positive Negative
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TaBLE 2: Upregulated pathways in T1 breast cancer tumors compared to T2 tumors.
Term Genes Count % Pvalue  Benjamini
Focal adhesion (KEGG_PATHWAY) MYL7, ITGA2, ITGB3, COL4A6, SHCA 5 35 36E-2 S6E-1
Arrhythmogenic right ventricular
cardiomyopathy (ARVC) (KEGG_PATHWAY) LEF1, ITGA2, ITGB3 3 2L 82E-2 90E-1
Small cell lung cancer (KEGG_PATHWAY) ITGA2, ITGB3, COL4A6 3 2.1 9.7E -2 84E -1
ECM-receptor interaction (KEGG_PATHWAY) CDKNIB, ITGA2, COL4A6 3 2.1 9.7E -2 84E -1
TaBLE 3: Downregulated pathways in T1 breast cancer tumors compared to T2 tumors.
Term Genes Count %  Pvalue Benjamini
Neurotrophin signaling pathway (KEGG_PATHWAY) YWHAZ, GRB2, RAC], YWHAQ, FRS2 5 28 42E-2 98E-1
p38 MAPK Signaling Pathway (BIOCARTA) GRB2, RACI, MKNK1 3 17 50E-2 98E-1
Prion diseases (KEGG_PATHWAY) CIQA, CIQB, C1QC 3 17 53E-2 91E-1
Jak-STAT signaling pathway (KEGG_PATHWAY) OSM, IFNA2, GRB2, ILI0RA, IL4R 5 28 8IE-2 92E-1
Systemic lupus erythematosus (KEGG_PATHWAY) CIQA, C1QB, HLA-DPBI, C1QC 4 22 87E-2 87E-1
Toll-like receptor signaling pathway IFNA2, MYD88, TICAMI, RACI 4 22 9IE-2 82E-1

(KEGG_PATHWAY)

variation explained in the outcome variable (PVE) [40],
which is an indicator for the importance of covariates in the
Cox model. The Hazard Ratio (HR) was used as an accuracy
measure for the risk group prediction for different predictors.
The concordance index (C-index) [41] was computed to assess
the predictive discrimination ability of each of the predictors
in the corresponding univariate Cox model. For a multivari-
ate comparison of predictors, the relative importance of a
covariate in a multivariate Cox model was measured by the
partial PVE.

3. Results

After preprocessing 36,669 genes were included for further
analyses. Comparing the gene expression profiles between
T1 and T2 tumors and using partial least squares regres-
sion (PLS) analysis to adjust for lymph node status, dif-
ferential grade, hormone receptor status, and breast cancer
subtype, yielded 441 genes differentially expressed genes
at FDR <1% (Supplementary Table Sl available online at
http://dx.doi.org/10.1155/2013/924971). Unsupervised hierar-
chical clustering using these 441 probes resulted in T1 and T2
tumors to cluster for most part separately (Figure 1) except
four T1 tumors that clustered with the T2 tumors. One of
these patients developed metastasis to the lung and to the
bone, and later died. Another one s still alive but had bilateral
breast cancer in addition to primary lung cancer. The last two
patients in this group are free of recurrence and metastasis.

3.1. Pathway Analysis. To further study the differences in
genes between TI1 and T2 tumors, we performed pathway
analysis. Of the 441 significant probes, 184 probes were
upregulated in T1 (downregulated in T2), and 257 probes
were downregulated in T1 (upregulated T2). The genes upreg-
ulated in T1 were enriched for several pathways (Table 2),
including Focal Adhesion (Figure 2) and ECM- (extracellular
matrix) receptor interaction (Figure 3). Among the important

upregulated genes are several collagens and integrins, and p27
(cyclin dependent kinase inhibitor 1B).

The downregulated genes in T1, upregulated in T2 were
enriched for important pathways like Neurotrophin signaling
pathway (Figure 4), p38MAPK signaling pathway, and several
pathways involved in immune response (Table 3). Important
genes in these pathways are MNKI (MAP kinase interacting
serine/threonine-protein kinase 1), GRB2 (Growth factor
receptor bound protein 2), RACI (ras-related C3 botulinum
toxin substrate 1), and several immune-related genes, such as
IFN, IL6, MHCII, and complement component 1.

3.2. Validation of the T-Size Signature. In the validation of the
T-size signature, a total of 480 samples were called as T1-like,
and 467 were classified as T2-like. For all signatures except
Hypoxia on the complete set for DMFS (n = 912), differences
in DMFS between risk groups were highly significant (not
shown; see Zhao et al. [20]). Specifically for the T-size
signature, the separation between T1-like group and T2-like
group was highly significant (P < 0.001; Figure 5(a)) with T2-
like group associated with higher risk for distant metastasis.
We also observed highly significant separation of two risk
groups for DMFS in the patient group with pT1 size tumors
(n = 440; P < 0.001; Figure 5(b)); while in the pT2 tumor
subgroup (n = 459), T-size signature achieved less significant
separation for the risk prediction (P = 0.031; Figure 5(c)).
We performed univariate analysis for the T-size signature
and clinical parameters including tumor size (1-3), node
status (positive versus negative), ER status (positive versus
negative), and histological grade (1-3), respectively. The
performance comparisons by using the likelihood ratio test,
the deviance, the proportion of variation explained (PVE), the
concordance index (C-index), and the Hazard Ratio (HR) are
summarized in Table 4. A multivariate Cox model was used
to simultaneously assess the T-size signature and the included
clinical parameters in the study. Due to the known association
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TABLE 4: Univariate comparison of predictors.
Covariate HR [95% CI] P PVE Deviance C
T-size signature
(Overall effect) 4.30E - 07 2.76E — 02 25.55 0.58
T2-like (versus T1-like) 1.92 [1.48-2.48] 7.22E - 07
Tumor size
(Overall effect) 5.63E — 08 3.62E - 02 33.38 0.60
2 (versus 1) 1.95 [1.50-2.55] 7.83E - 07
3 (versus 1) 3.39 [1.96-5.88] 1.37E - 05
Node
(Overall effect) 2.40E - 06 2.46E — 02 22.24 0.58
+ (versus —) 1.89 [1.46-2.45] 1.35E - 06
ER
(Overall effect) 2.07E - 02 5.85E — 03 5.35 0.54
+ (versus —) 0.72 [0.55-0.94] 1.78E - 02
Histological grade
(Overall effect) 2.45E — 04 2.11E - 02 16.63 0.60
2 (versus 1) 1.78 [115-2.77] 1.04E - 02
3 (versus 1) 2.37 [1.52-3.69] 1.78E - 02
TABLE 5: Multivariate comparison of predictors.
Covariate HR [95% CI] P Partial PVE
T-size signature
T2-like (versus T1-like) 1.70 [1.25-2.32] 8.03E - 04 1.42E - 02
Tumor size
2 (versus 1) 1.74 [1.29-2.35] 2.72E - 04 1.62E - 02
3 (versus 1) 2.07 [0.97-4.40] 5.98E - 02 1.62E - 02
Node
+ (versus —) 1.68 [1.24-2.28] 8.11E - 04 1.25E - 02
Histological grade
2 (versus 1) 1.45 [0.92-2.29] 1.14E - 01 2.05E - 02
3 (versus 1) 1.49 [0.91-2.47] 1.16E - 01 2.05E - 02

between ER status and survival, we included ER status as
stratification variable (Table 5).

4. Discussion

Approximately 15% of all women diagnosed with breast
cancer die from their disease within 5 years of diagnosis [42]
despite having been treated according to national clinical
guidelines [2]. Both genomic and clinical variables should
be induced in a common algorithm to yield the most
accurate prediction model. Microarray has made it possible
to study thousands of genes simultaneously. This generates
information about gene expression profiles that can be
computed in different ways. One of these is the clustering of
patients according to the gene expression in their tumors. The
majority of the gene lists are generated to distinguish patients
from being subject to unnecessary adjuvant treatment or with
the intention of individualizing therapy and treatment.
Several genetic signatures have been presented [13, 23, 32—
34]. This work has led to the development of special kits such
as MammaPrint (Agendia, Amsterdam, The Netherlands) [13,

32] and Oncotype DX (Genomic Health Inc., Redwood City,
CA, USA) [35]. By combining information from multiple
gene signatures, one would potentially increase the prediction
power and bring out an overall picture of this disease. Zhao
et al. aimed to develop an analytical framework that allows
us to utilize the combined strength from individual gene
signatures [43]. Such a framework and the resulting model
will be broadly applicable for survival prediction across
heterogeneous tumor groups capturing a broad spectrum
of biological aspects. The tumor size associated signature
presented here has the purpose to identify the molecular
characteristics associated to size and does not claim to
provide prognostic index superior to the existing ones. The
signature specific difference in DMFS within the T1 subgroup
and the T2 subgroup, shown here, are used only to suggest
that it can be used as supplementary information to tumor
size.

Most first generation signatures are good for predicting
prognosis in early stage breast cancer. There is only a minor
overlap in genes in the different signatures [44], but they
produce similar risk group assignment in the same dataset.
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Proliferation and the level of proliferation-related genes
are the strongest prognostic factors in ER positive cancer.
Proliferation-related genes are often highly expressed in ER
negative cancers, so in the first generation signatures almost
all ER negative cancers seem to have poor prognosis. It
was initially meant that these prognostic signatures could
replace the classical histopathological findings, but meta-
analysis has revealed that tumor size and lymph node status
give prognostic information independent of the molecular
signatures [45].

The present study attempts to identify, independent of
grade, receptor status and lymph node status, the molecular
signature, and the underlying biological pathways associ-
ated to tumor size, which is an objective property without
possibility of interobserver disagreement. The most signifi-
cant pathways upregulated in T1 compared to T2 are focal
adhesion, ECM-receptor interaction, and two organ specific
pathways (Table 2). Important genes occur at several steps in
these pathways. One of these genes being P27(Kip) (cyclin
dependent kinase inhibitor 1B). The cell-cycle regulating
protein p275"P! (p27) has dual roles by acting as both a
cdk inhibitor and as an assembly factor for different cdk
complexes. Loss of p27 has been linked to malignant features
in different tumors [46]. High levels of p27 are expressed
in normal human mammary epithelium, but loss of p27 is
frequent in breast cancer and has been demonstrated to have
prognostic implications [47]. Patients with tumors expressing
low levels of p27 were associated with poor prognosis, and it is
especially pronounced in hormone-receptor positive tumors
[48]. HER2 positive primary breast cancers often reveal low
levels of p27 [49]. As mentioned, in our material p27 is
upregulated in T1 tumors compared to T2 tumors and this
is in coherence with earlier studies. Thus this could be a
possible marker, among others, that could be used to select
the T1 tumors that have a greater possibility of recurrence.
The lower p27, the worse prognosis, consequently requiring
stronger treatment.

Pathways downregulated in T1 and upregulated in T2 are
shown in Table 3. These are all pathways associated with the
immune response, and a majority of the actual downregu-
lated genes are immune response related genes, like IFN, IL6,
MHC II, and Complement component 1. This is consistent
with a more aggressive lesion that requires more effort from
the immune system. Among the genes downregulated in T1
tumors compared to T2 tumors is GRB2. Grb2 is an adaptor
protein that is essential for a variety of cellular functions
and acts as a critical downstream intermediary in several
oncogenic signaling pathways [50]. In human breast cancer
cells Grb2 is overexpressed. In an unpublished work we have
demonstrated that there is a significant difference in the
expression of this gene in normal tissue and breast cancer
tissue, and also in normal tissue adjacent to tumor. The
role of Grb2 as a signal transducer for several oncogenic
growth factor receptors and the broad involvement of Grb2 in
multiple steps of the metastasis cascade make it a good target
for antitumor therapeutic strategies [50]. Like for p27, maybe
this gene could be measured in the patients with smaller
tumors to select those with worse prognosis.

ISRN Oncology

RACI (ras-related C3 botulinum toxin substrate 1) may
represent an attractive target. Rac GTPases, small G-proteins
widely implicated in tumorigenesis and metastasis, transduce
signals from tyrosine-kinase, G-protein-coupled receptors
(GPCRs), and integrins, and control a number of essential
cellular functions including motility, adhesion, and prolifer-
ation. In breast cancer cells Racl is a downstream effector
of ErbB receptors and mediates migratory responses by
ErbBI/EGFR ligands such as EGF or TGFa and ErbB3 ligands
such as heregulins [51]. This gene is a potential target for use
in therapy of breast cancer.

5. Conclusions

In summary we show here that there is a molecular profile
that is associated to tumor size. Thus a gene-expression
signature-based approach combined with the classical TNM
classification as well as analysis of key genes may pave the way
to improved individualized therapy.
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Abstract

in breast epithelium of healthy women.

expression level using immunohistochemistry.

for breast cancer.

developing malignancy.

Background: Polycomb Group (PcG) proteins are epigenetic silencers involved in maintaining cellular identity, and
their deregulation can result in cancer. Expression of Mel-18 and Bmi-1 has been studied in tumor tissue, but not
in adjacent non-cancerous breast epithelium. Our study compares the expression of the two genes in normal
breast epithelium of cancer patients and relates it to the level of expression in the corresponding tumors as well as

Methods: A total of 79 tumors, of which 71 malignant tumors of the breast, 6 fibroadenomas, and 2 DCIS were
studied and compared to the reduction mammoplastic specimens of 11 healthy women. In addition there was
available adjacent cancer free tissue for 23 of the malignant tumors. The tissue samples were stored in RNAlater,
RNA was isolated to create expression microarray profile. These two genes were then studied more closely first on
mRNA transcription level by microarrays (Agilent 44 K) and quantitative RT-PCR (TagMan) and then on protein

Results: Bmi-1 mRNA is significantly up-regulated in adjacent normal breast tissue in breast cancer patients
compared to normal breast tissue from noncancerous patients. Conversely, mRNA transcription level of Mel-18 is
lower in normal breast from patients operated for breast cancer compared to breast tissue from mammoplasty.
When protein expression of these two genes was evaluated, we observed that most of the epithelial cells were
positive for Bmi-1 in both groups of tissue samples, although the expression intensity was stronger in normal tissue
from cancer patients compared to mammoplasty tissue samples. Protein expression of Mel-18 showed inversely
stronger intensity in tissue samples from mammoplasty compared to normal breast tissue from patients operated

Conclusion: Bmi-1 mRNA level is consistently increased and Mel-18 mRNA level is consistently decreased in
adjacent normal breast tissue of cancer patients as compared to normal breast tissue in women having had
reduction mammoplasties. Bmi-1/Mel-18 ratio can be potentially used as a tool for stratifying women at risk of

Background

Breast cancer is the leading cause of cancer mortality in
women [1]. The prognosis of breast cancer is dependent
on stage at the diagnosis, tumors diagnosed at early
stage having better prognosis. It is therefore important
to detect breast tumors at as early stage as possible
[2,3]. Benign diseases, like fibroadenomas, in the mam-
mary gland are associated with increased risk of breast
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cancer in the same women, although in clinical practice
it is difficult to recognize women with fibroadenomas
who are at risk of developing breast cancer. There is a
need for diagnostic tools which may help stratifying the
risk for women with benign changes in their breasts.
Bmi-1 and Mel-18 may be genes used for this purpose
as our study will show.

There is increasing evidence that breast cancers arise
from deregulation of normal pathways in stem or early
progenitor cells due to mutations or epigenetic silencing
[4,5]. Polycomb Group (PcG) proteins are epigenetic
silencer genes involved in maintaining cellular identity,
and their deregulation can result in cancer [5].

© 2010 Riis et al; licensee BioMed Central Ltd. This is an Open Access article distributed under the terms of the Creative Commons
Attribution License (http://creativecommons.org/licenses/by/2.0), which permits unrestricted use, distribution, and reproduction in
any medium, provided the original work is properly cited.
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The deregulation of PcG genes may be one of the first
events in neoplasia of breast epithelium. Bmi-1 and
Mel-18 are two members of the PcG family. Bmi-1 has
been shown to maintain the stem cell pool by prevent-
ing premature senescence [6,7]. Bmi-1 expression has
been detected in normal mammary epithelium and
myoepithelial cells and later studies have implied Bmi-1
in connection with self-renewal of stem cells in breast
tissue [8]. Bmi-1 has been shown to be up-regulated in
breast tumors [7] as well as in several other tumor types
[7,9-12]. Over-expression induces lymphomas [11,13,14].
Bmi-1 has shown to regulate cellular senescence and
proliferation in rodent and human fibroblasts [15]. After
a finite number of cell division, most human cells
undergo cellular senescence, whereby cells irreversibly
cease to divide [16,17]. Bmi-1 can also bypass senes-
cence and immortalize human mammary epithelial cells
[18]. Bmi-1 has been studied in plasma of breast cancer
cells with healthy women as controls and results show
that levels of Bmi-1 expression may be a surrogate mar-
ker of poor prognosis [19]. This may be a very useful
noninvasive prognostic marker.

Mel-18 regulates cell proliferation and senescence via
transcriptional repression of Bmi-1 and c-myc oncopro-
teins [17], and is considered to play a dual role, being
either oncogenic in some tumor types or acting as a
tumor suppressor gene in others. In breast cancer, Mel-
18 is supposed to play a tumor suppressor role [20].
Mel-18 was originally cloned from B16 mouse mela-
noma cells and was shown to be highly expressed in
many tumor cells including human melanoma and
Hodgkin’s lymphomas [21,22].

It has been of our interest to investigate to what
extent normal breast tissue from breast cancer patients
is actually normal and to what it reflects cancer-specific
deregulation. Since both Mel-18 and Bmi-1 may play a
role in renewal of stem cells, deregulation of these pro-
teins may be one of the initial steps in development of
neoplasia and may be present even in non-cancerous tis-
sue adjacent to the tumor tissue. In the present study,
we wanted to analyze whether expression of these two
genes, both at the mRNA and protein level, differ
between normal tissue taken from breast cancer patients
compared to breast tissue from women who had no
actual or previous history of any kind of malignancy in
the breast.

Methods

Tissue Collection

Tissue samples from malignant tumors and normal
counterpart were obtained from patients operated for
breast cancer at Akershus University Hospital in the
period 2003-2009. In addition to the operated tumor, in
some cases large core needle biopsies were taken
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preoperatively at the radiologist department either when
women came for screening or for diagnostic mammo-
graphy due to palpable mass. Both tumors and biopsies
were evaluated by a pathologist to confirm the diagnosis
and estimate the tumor cell content. All tumor samples
used in this study contained at least 60% tumor cells.
Tissue samples were immediately stabilized in RNAlater,
and then stored at -80°C. The women have signed a
written consent to participate in the study. The study
was approved by the Regional Committee for Medical
and Health Research Ethics (REK). A total numbers of
71 samples from tumors were analyzed. Mostly invasive
ductal carcinomas (64 samples) were included in the
study. The remaining were either lobular (5 samples) or
mixed (2 samples). Mean age at the operation was 60
years, median 60 years (range 34-83). 30 were classified
as lymph node positive and 41 as lymph node negative.
55 were estrogen positive and 43 samples were positive
for progesterone. Her-2 gene was found to be amplified
in 4 samples (only 21 of the samples were tested for
Her-2 gene amplification). Samples from 2 DCIS lesions
as well as samples from 6 fibroadenomas were also
included in the study. The clinical data are summarized
in tables 1 and 2.

Tissue samples from non cancer controls (reduction
mammoplasty) have been gathered since the autumn of
2008 and stabilized in the same way as the other sam-
ples. Mean age of these women was 39 years, median 36
years (range 20-68). Only two of these women were
postmenopausal. Our intension was to have a cohort of
healthy women to compare our results. These women
also signed a written consent and their names and iden-
tification number were registered in our databases.

RNA isolation

The surgical specimens and the large core needle biop-
sies were macroscopically dissected to obtain a sample
suitable for further processing. Frozen tissue was homo-
genized in Trizol (Invitrogen) with a 5 mm steal bead
(Qiagen) using a Mixer Mill MM301 (Retsch) at 30 Hz
for 2 min. RNA was isolated following the manufac-
turer’s protocol or the protocol of Wei and Kahn [23].
Purified RNA was dissolved in RNase-free water
(Ambion). Concentration was measured using Nano-
Drop and RNA quality assayed on an Agilent 2100
BioAnalyzer. The purified RNA was stored at -80°C.

Microarray Analysis and Statistical Analysis

500-1000 ng isolated RNA was converted to cDNA with
reverse transcriptase and an oligo(dT) primer bearing a
T7 promotor followed by in vitro transcription with T7
RNA polymerase to create amplified antisense RNA.
The amplified RNA was labeled with Cy3 or Cy5. As a
reference probe universal human reference RNA (UHR;
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Table 1 Clinical data for the tumor patients

Histology

Ductal 64

Lobular 5

Mixed 2
Palpable

Yes 54

No 17
Grade

1 8

2 40

3 23
Lymph node status

NO 44

N1 19

N2 6

N3 2
Estrogen receptor status

ER+ 56

ER- 15
Progesterone receptor status

PR+ 4

PR- 30
HER2 receptor status

HER2+ 4

HER2- 17

Unknown 50
Recurrence/Metastasis 1
Death (not cancer specific) 2

Stratagene) was amplified and labeled as above. Amplifi-
cation and labeling efficiency was controlled using a
NanoDrop.

Labeled cRNA was hybridized to Agilent Whole
Human Genome Oligo Microarrays per the manufac-
turer’s protocol. After hybridization for 17 hours the
arrays were washed and scanned using an Agilent scan-
ner and microarray data extracted with Agilent Feature
Extraction software. Preprocessing of the microarray
data was done in J-Express Pro http://www.molmine.org
while between-array quantile normalization was done in
BioConductor [24]. The microarray data are submitted

Table 2 Age distribution for the patients within the
different groups

Cancers Non cancer controls DCIS Fibroadenomas

Mean Age 60 39 63 42
Median Age 60 36 63 45
Range 34-83 20-68 60-66 26-52
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to The ArrayExpress Archive http://www.ebi.ac.uk/
microarray-as/ae/ accession number E-MTAB-271.
Further statistical analysis was done in R. Between
group comparison were done using Student’s two-sided,
two-class t-test and ANOVA using the function aov.

Quantitative Real-time PCR (qPCR)

Total RNA was reverse transcribed using the High
Capacity RNA to-cDNA Master Mix (Applied Biosys-
tems) and cDNA was diluted with high molecular grade
water and stored at -20°C.

For qPCR, 25 ng ¢cDNA, primer/probe sets and Tagq-
Man Gene Expression Master Mix (2x) (Applied Biosys-
tems) were pipetted on a MicroAmp Optical 96-Well
Reaction Plate (Applied Biosystems) using the epMotion
5075 pipetting robot (Eppendorf). All samples were
pipetted in triplicates and a no template control was run
on each plate. The plate was run on the ABI PRISM
7900 HT Fast Real-Time PCR system (Applied Biosys-
tems) with the thermal profile: 50°C for 2 min, 95°C for
10 min and 50 cycles at 95°C for 15 seconds and 60°C
for 1 min. Analysis were done using ABI Prism SDS2.3
software and the RQ Manager 1.2 (Applied Biosystems).
As for the microarray studies the UHR RNA was used
as calibrator.

TaqMan® Gene Expression Assays from Applied Biosys-
tems (BMI1: Hs00180411_m1, PCGF2: Hs00810639_m1,
MRPL19: Hs00608519_m1, PPIA: Hs99999904_m1) were
used to perform qPCR. All gene assays target exon-exon
junctions to be mRNA specific. The final concentration of
the TagMan gene expression assay used was 900 nM for
each primer and 250 nM for each probe.

Histology

The slides were evaluated by an experienced pathologist
(AJN) and graded according to the Nottingham grading
system (Nottingham modification of the Bloom-Richard-
son system) [25].

Immunohistochemistry

Immunohistochemistry was performed on 5 pm sections
from formalin-fixed, paraffin-embedded tissue applied to
coated slides. Deparaffinization, rehydration and epitope
retrieval were performed in a Dako PT link (Dako) at
97°C for 20 minutes. Dako Autostainer Plus together
with Envision™ Flex, high pH system (K8000, Dako)
were used in the immunostaining procedure following
the operating manual. The secondary antibody was incu-
bated for 20 minutes. Sections were stained with anti-
Bmi-1 (Santa Cruz Biotechnology) dilution 1:150 and
anti-Mel-18 (Santa Cruz Biotechnology) dilution 1:75.
Primary antibody incubated for 30 minutes. For Mel-18
visualization a FLEX + Rabbit (Linker) protocol was
used. The choice of antibodies was made primarily on
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the basis of literature studies, choosing clones used in
previous publications [20,26]. The slides were counter-
stained with Hagen’s Hematoxylin for visualization of
tissue structures.

Evaluation of immunohistochemistry

The amount of positive cells and immunoreactivity
intensity was evaluated semi- quantitative. For Bmi-1
only two grades were applied; if less than 10% of the
epithelial cells were immunoreactive to Bmi-1, the sam-
ple was recorded as negative for Bmi-1 immunoreactiv-
ity, while samples showing more than 10% of cells were
recorded as positive.

Soring grades for Mel-18 were as follows: Grade 1; < 5%
of the cells positive for Mel-18. Grade 2; 6% to 35% show-
ing positive immunoreactivity. Grade 3; 36-70% of the
cells showed positive immunoreactivity, and grade 4 when
more than 70% of the cells were positive for Mel-18
immunoreactivity. The intensity of the immunoreactivity
was also recorded, and the grading was as follows: Grade
1, weak intensitivity, grade 2; moderate intensitivity and
grade 3 when a strong intensitivity of the immunoreaction
was observed. The immunoreactivity for both Mel-18 and
Bmi-1 was evaluated by two independent investigators.
There was no discrepancy between the two investigators.

Results
Bmi-1 transcription level
When comparing the transcription level of Bmi-1 in the
different clinical groups, i.e. breast cancer, tissue taken in
the vicinity of the tumor, fibroadenomas and breast tissue
from non cancer controls, statistically significant differ-
ences were observed between the groups (table 3). Tran-
scription level in non cancer breast controls was lowest,
while transcription level in the normal adjacent tissue
was more similar to that of the tumor (Figure 1 and 2).
Of special interest was the difference in transcription
levels of Bmi-1 mRNA between non cancer controls and
normal tissue from cancer patients (p = 0.041).

Mel-18 transcription level

The relative transcription level of Mel-18 in breast tis-
sue from non cancer controls, fibroadenomas, tissue
taken in the vicinity of the tumor and the tumor itself,
is demonstrated in figure 3 and 4 and summarized in
table 3. The mRNA transcription level of Mel-18 was
statistically significantly higher in normal breast tissue
from non cancer controls compared to normal tissue
from cancer patients (p < 0.001).

There was a inverse relationship between the
transcription level of Mel-18 and Bmi-1

When we compared the transcription level of Bmi-1 and
Mel-18 in all categories (NC, non cancer controls, F,
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Table 3 Mean transcription levels of Bmi-1 and Mel-18 in
the different groups as well as the p-values and
confidence intervals for the group-wise comparisons

Bmi-1

Group mean SD p-value (confidence interval)

F N T
NC 0098 0.184 <0.001 00418 <0.001
(-0424 (-0.346 (-0.790
-0.149) -0.007) -0419)
F 0.385 0.080 0.124 <0.001
(-0.032 (-0.480
0.253) -0.157)
N 0274 0.295 <0.001
(-0.620
-0.237)
T 0.703 0659
Mel-18 Group mean SD p-value (confidence
interval)
F N T
NC 0929 0.139 <0.001 <0.001 <0.001
(0.230 (0362 0.707) (0.405
0.503) 0.706)
F 0563 0.115 0.065 0.021
(-0.0115 (0.030
0.347) 0.348)
N 0395 0352 0827
(0172
0214)
T 0373 0556

fibroadenomas N, normal and T tumor) we observed an
inverse relationship between the transcription level of
the two genes (figure 5).

Quantitative Real-time PCR

To validate the results obtained by the microarray analy-
sis showing a clear inverse relationship between the
transcription levels of the two genes, transcription levels
of Bmi-1 and Mel-18 were also analyzed using qPCR.
Some of the samples could not be validated due to
insufficient mRNA amounts but all the groups were
represented (9 non cancer controls, 4 fibroadenomas, 2
DCIS, 22 normals from cancer patients, and 69 tumors).
Based on the work of McNeill et al [27] PPIA and
MRPL19 were included as endogenous controls. How-
ever, analysis of our results showed large variations in
transcription levels between the groups, especially for
PPIA (results not shown). As an alternative approach,
we therefore directly compared the transcriptional level
of Bmi-1 to that of Mel-18 (figure 6).

Results of immunohistochemistry

In our material all of the samples stained positive both
for Bmi-1 and Mel-18 but with different intensity.
When protein expression of Bmi-1 was evaluated using
immunohistochemsitry, as illustrated in figure 7 we
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Figure 1 Bmi-1 transcription levels for each sample and patient. Green = non cancer controls (NC), light blue = fibroadenomas (F), dark
blue = adjacent normal (N), and red = tumor (T). In cases where more than one tumor sample is shown for one patient, both preoperative and
peroperative tumor tissue were available. On the y-axis there is a logarithmic transcription level of our sample compared to a Universal Human

observed that almost for every case the expression
intensity was stronger in normal tissue from breast can-
cer patients compared to normal breast tissue from non
cancer patients, indicating differences in amount of pro-
tein in the cells between these two groups.

When evaluating the protein expression of Mel-18
using immunohistochemistry, breast tissue from non
cancer individuals exhibited stronger expression inten-
sity compared to normal tissue from cancer patients for
almost every case, indicating probably higher amount of
Mel-18 protein in breast tissue from non cancer
controls.

However, both observations were subjectively made by
a pathologist and no statistical differences were seen in
numbers of positive cells between breast tissue from
non cancer controls compared to normal tissue taken
from a breast with a malignant tumor in the breast.

Discussion
In the present study we have analyzed levels of Mel-18
and Bmi-1 in normal breast tissue samples from patients

operated for cancer, and compared to breast tissue sam-
ples from patients operated for non malignant condition
and with no previously history of malignant disease.

We have shown that level of Bmi-1 is different in the
normal breast tissue from cancer patients compared to
normal breast tissue from non cancer controls at the
mRNA level and there is also differences in staining
intensity at the protein level, indicating that gene altera-
tions associated with tumor development is already
detected in the normal tissue, leading to higher risk for
development of a malignant disease in the breast. At the
same time we observed that at the protein level both
genes were expressed in all studied tissue types, with no
statistical differences in the numbers of positive cells
between breast tissue from non cancer controls com-
pared to normal tissue taken from a breast with a malig-
nant tumor in that same breast. This may suggest that it
is the change of expression above a certain threshold
that may matter in exerting a cancer phenotype.

As Bmi-1 and Mel-18 are involved in cell aging [6,17],
we looked for confounding effects of age of the patient
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Figure 2 Bmi-1 transcription levels for the clinical groups. Boxplot showing the transcription level of Bmi-1 within the clinical groups. Group
legends as in figure 1.

Mel-18 transcription levels for each sample and patient
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Figure 3 Mel-18 transcription levels for each sample and patient. Green = non cancer controls (NC), light blue = fibroadenomas (F), dark
blue = adjacent normal (N) and red = tumor (T). In cases where more than one tumor sample is shown for one patient, both preoperative and
peroperative tumor tissue were available. As in figure 1 there is logarithmic transcription level on the y-axis.
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Figure 4 Mel-18 transcription levels for the clinical groups. Boxplot showing the transcription level of Mel-18 within the clinical groups.
Group legends as in figure 3.

even though cell aging and aging of a person is not the
same. Accounting for this we did regression analysis by
ANOVA and found that age is not a significant factor in
this respect (p = 0.47 for Bmi-1 and p = 0.61 for Mel-
18). The different clinical groups on the other hand,
were highly significant (p = 0.0013 for Bmi-1 and p =
0.013 for Mel-18).

The results from present study indicate that normal
breast tissue in cancer patients carries different charac-
teristics than that in women without previous history of
malignant disease. One may speculate that it is possible
to stratify women in risk groups for development of

malignant tumor in the breast, according to transcrip-
tion level ratios of genes like Bmi-1 and Mel -18.

After the introduction of mammography as a screening
method in most countries, breast tumors are more often
diagnosed at early stage. Most of the lesions detected by
mammography are benign, where benign histology is
confirmed by histological diagnosis of a biopsy. However,
new cancer cases known as “interval cancers” still emerge
and are diagnosed at later stage. The results from the
present study indicate that it may be possible to distin-
guish between patients at risk by analyzing the normal
breast tissue for genes like Bmi-1 and Mel-18.
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each clinical group shows an inverse correlation of the transcription level.

Figure 5 Median transcription levels between the clinical groups. Comparison of the median transcription level of Bmi-1 and Mel-18 for

When comparing transcription level of mRNA for
Bmi-1 between different sources of tissue, we observed a
highly statistical difference in levels of transcription
level. In normal tissue from breast cancer patients Bmi-
1 mRNA was up-regulated, compared to tissue from
breast without history of malignant disease. Again, there
was no correlation between mRNA transcription level
and the amount of cells positive for Bmi-1 in different
groups, although intensitivity of immunoreactions were
different between different groups and followed the
same pattern as mRNA transcriptional level, indicating
that there may be “more” protein in cells where mRNA
transcriptional level was found to be high.

However, as in the case of Mel-18, mRNA transcrip-
tion level is of transcripts isolated from all cells from
which total RNA was isolated together and cannot
directly correlate to the number of positive cells stained
by immunohistochemistry. The number of cells in both
specimens (for mRNA and protein analysis) is unknown
and cannot be equal. Nevertheless the intensity of the
immunohistochemistry, indicating amount of protein

per cell, was inversely to what was observed for Mel-18
being higher in almost all samples from breast cancer
patients compared to controls. Bmi-1 expression is
necessary for normal cell cycle dynamics. It is possible
that there may be “threshold” of Bmi-1 protein expres-
sion, and when this “threshold” is overridden, this pro-
tein may start to function as an oncogene. The highest
transcription level of Bmi-1 was observed in invasive
tumor tissue. Expression of Mel-18 was also analyzed.
When transcription level of Mel-18 was analyzed in nor-
mal tissue from breast cancer patients, tumor tissue and
tissue from patients without malignant disease, the low-
est transcription level was observed in tumor tissue, and
the highest in tissue from benign breast tissue. If this
correlation reflects a direct functional interaction
between Bmi-1 and Mel-18 is not possible to evaluate in
this study. Nevertheless, we believe that expression ana-
lyses of both proteins may be an important tool for stra-
tifying patients at risk for development of malignant
disease in the breast. This is before the onset of an
eventual malignant disease and as Silva et al suggest
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Figure 6 Quantitative real-time PCR shows the same inverse relationship between the transcriptional levels of Bmi-1 and Mel-18 as
the microarray data. The gPCR results were calculated using the comparative Ci-method (-AACy) while the microarray results are given as the
difference in expression of the two genes (log,(expression of Bmi-1/expression of Mel-18)).
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[19] it can further be used as a diagnostic marker in
patients who have already been diagnosed with breast
cancer.

Data comprehensively comparing gene expression
between histologically normal breast epithelium of
breast cancer patients and cancer-free controls is lim-
ited. Similarly as our study Tripathi et al [28] did global
gene expression of these two groups and conclude that
cancer-related pathways are already perturbed in normal

epithelium of breast cancer patients. This is cohesive to
our study. Chen et al [29] also had the intention of
studying malignancy-risk gene signature in histologi-
cally-normal breast tissue, but they compared the tumor
tissue to the histologically normal tissue adjacent to the
tumor, which is also part of what has been done in our
study.

Saeki et al [30] reported a similar study on Bmi-1
where they found transcription level of the gene to be



Riis et al. BMC Cancer 2010, 10:686
http://www.biomedcentral.com/1471-2407/10/686

Page 10 of 11

[ =
9
R
o
5
B
o
1=
o
=
0
=
3
<]
Ey
E
&
=

\

.

; g w  BWDw
7o g@ .- ‘7 ;éd:.‘ﬁ'f
gkl v SN s;?“ e

Figure 7 Immunostaining. Normal tissue from non cancer controls (upper panel) and normal tissue adjacent to a tumor (lower panel) of Bmi-1
(left) and Mel-18 (right). Demonstrating the increase in staining of Bmi-1 in tumor tissue, and the decrease in staining of Mel-18 in the same
tissue. These are the outer limits and the staining of the groups in between are described in the text.

ten times higher in cancer tissue than non cancer con-
trols. This is in coherence with our results except for
the magnitude. A reason for this may be the observed
large variation in tumor Bmi-1 levels in both materials
and tumor heterogeneity may be responsible for the
observed differences. By using laser micro dissection
one could more accurately see the exact tissue from
which mRNA was extracted.

Conclusion

In summary; we have in the present study demonstrated
for first time that the levels of Mel-18 and Bmi-1 is dif-
ferent in normal tissue from breast cancer patients com-
pared to breast tissue from non cancer controls. The
transcription level of Bmi-1 and Mel-18 in all clinical
categories (non cancer controls, fibroadenomas, normal,
and tumor) was inversely correlated. Mel- 18 and Bmi-1
are two essential proteins in stem cell renewal pathways.

Results from the present study indicate that expression
profile analyses of that Mel-18 and Bmi-1 may be a tool
for stratifying women at risk for development of malig-
nant disease.
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noma in Situ; UHR: Universal Human Reference; RP:
Reduction Mammoplasty; F: Fibroadenoma; N: Normal;
T: Tumor; and qPCR: Quantitative Real-time PCR;

Acknowledgements

We thank our surgical colleagues, Dr. S. Trennes, Dr. B. Gravdehaug, and

Dr. E. Kjaestad at the Surgical Department, Akershus University Hospital and
colleagues at the Radiology Department same hospital for helping us collect
the samples from cancer patients. Likewise we would like to thank
colleagues at the Collosseum Clinic, Oslo, for providing samples from
mammoplasties. We are grateful to T. Sonerud, Department for Clinical
Molecular Biology (EpiGen), for help with performing the qPCR experiments.



Riis et al. BMC Cancer 2010, 10:686
http://www.biomedcentral.com/1471-2407/10/686

MR is a fellow of the Faculty of Medicine, University of Oslo, this work was
supported by grant number 2789119 from Helse Sor-Jst and internal grants
from Akershus University Hospital, grant number 2689023.

Author details

'Department of Surgery, Akershus University Hospital, Larenskog, Norway.
’Department of Clinical Molecular Biology (EpiGen), Institute of Clinical
Medicine, Akershus University Hospital, University of Oslo, Lerenskog,
Norway. *Department of Pathology, Akershus University Hospital, Larenskog,
Norway. Hnstitute of Clinical Medicine, University of Oslo, Lerenskog,
Norway.

Authors’ contributions

MR was involved in the design of the study, collected the clinical data,
contributed to the tissue collection and immunohistochemical analysis and
is responsible for the preparation of the manuscript. TL performed the
microarray experiments, contributed to the microarray, PCR and statistical
analysis, and is responsible for the preparation of the figures and the final
formatting of the manuscript. AJN performed the immunohistochemical
analysis. HV contributed to the microarray analysis. VK and IB designed the
study, contributed to the preparation of the manuscript and supervised the
work of MR, TL and HV. All authors have read and approved the final
manuscript.

Competing interests
The authors declare that they have no competing interests.

Received: 17 July 2010 Accepted: 16 December 2010
Published: 16 December 2010

References

1. Parkin DM, Bray F, Ferlay J, Pisani P: Global cancer statistics, 2002. CA
Cancer J Clin 2005, 55:74-108.

2. Paajanen H, Kyhala L, Varjo R, Rantala S: Effect of screening
mammography on the surgery of breast cancer in Finland: a population-
based analysis during the years 1985-2004. Am Surg 2006, 72:167-171.

3. Weigel S, Batzler WU, Decker T, Hense HW, Heindel W: First
epidemiological analysis of breast cancer incidence and tumor
characteristics after implementation of population-based digital
mammography screening. Rofo 2009, 181:1144-1150.

4. Reya T, Morrison SJ, Clarke MF, Weissman IL: Stem cells, cancer, and
cancer stem cells. Nature 2001, 414:105-111.

5. Sparmann A, van LM: Polycomb silencers control cell fate, development
and cancer. Nat Rev Cancer 2006, 6:346-856.

6. Park, Morrison , Clarke : Bmi1, stem cells, and senescence regulation. J
Clin Invest 2004, 113:175-179.

7. Kim JH, Yoon SY, Jeong SH, Kim SY, Moon SK, Joo JH, Lee Y, Choe IS,

Kim JW: Overexpression of Bmi-1 oncoprotein correlates with axillary
lymph node metastases in invasive ductal breast cancer. Breast 2004,
13:383-388.

8. Liu S, Dontu G, Mantle ID, Patel S, Ahn NS, Jackson KW, Suri P,

Wicha MS: Hedgehog signaling and Bmi-1 regulate self-renewal of
normal and malignant human mammary stem cells. Cancer Res 2006,
66:6063-6071.

9. van Kemenade FJ, Raaphorst FM, Blokzijl T, Fieret E, Hamer KM, Satijn DP,
Otte AP, Meijer CJ: Coexpression of BMI-1 and EZH2 polycomb-group
proteins is associated with cycling cells and degree of malignancy in B-
cell non-Hodgkin lymphoma. Blood 2001, 97:3896-3901.

10.  Lindstrom MS, Klangby U, Wiman KG: p14ARF homozygous deletion or
MDM2 overexpression in Burkitt lymphoma lines carrying wild type p53.
Oncogene 2001, 20:2171-2177.

11. Bea S, Tort F, Pinyol M, Puig X, Hernandez L, Hernandez S, Fernandez PL,
van LM, Colomer D, Campo E: BMI-1 gene amplification and
overexpression in hematological malignancies occur mainly in mantle
cell lymphomas. Cancer Res 2001, 61:2409-2412.

12. Vonlanthen S, Heighway J, Altermatt HJ, Gugger M, Kappeler A, Borner MM,
van LM, Betticher DC: The bmi-1 oncoprotein is differentially expressed
in non-small cell lung cancer and correlates with INK4A-ARF locus
expression. Br J Cancer 2001, 84:1372-1376.

13.  van Kemenade FJ, Raaphorst FM, Blokzijl T, Fieret E, Hamer KM, Satijn DP,
Otte AP, Meijer CJ: Coexpression of BMI-1 and EZH2 polycomb-group

Page 11 of 11

proteins is associated with cycling cells and degree of malignancy in B-
cell non-Hodgkin lymphoma. Blood 2001, 97:3896-3901.

14, Alkema MJ, Jacobs H, van Lohuizen M, Berns A: Perturbation of B and T
cell development and predisposition to lymphomagenesis in eu-Bmi1
transgenic mice require the Bmi1 RING finger. Oncogene 1997,
15:899-910.

15. Itahana K, Zou Y, Itahana Y, Martinez JL, Beausejour C, Jacobs JJ, van LM,
Band V, Campisi J, Dimri GP: Control of the replicative life span of human
fibroblasts by p16 and the polycomb protein Bmi-1. Mol Cell Biol 2003,
23:389-401.

16.  Dimri GP: What has senescence got to do with cancer? Cancer Cell 2005,
7:505-512.

17. Guo WJ, Datta S, Band V, Dimri GP: Mel-18, a polycomb group protein,
regulates cell proliferation and senescence via transcriptional repression
of Bmi-1 and c-Myc oncoproteins. Mol Biol Cell 2007, 18:536-546.

18. Dimri GP, Martinez JL, Jacobs JJ, Keblusek P, Itahana K, van LM, Campisi J,
Wazer DE, Band V: The Bmi-1 oncogene induces telomerase activity and
immortalizes human mammary epithelial cells. Cancer Res 2002,
62:4736-4745.

19. Silva J, Garcia V, Garcia JM, Pena C, Dominguez G, Diaz R, Lorenzo Y, Hurtado A,
Sanchez A, Bonilla F: Circulating Bmi-1 mRNA as a possible prognostic factor
for advanced breast cancer patients. Breast Cancer Res 2007, 9.R55.

20. Guo WJ, Zeng MS, Yadav A, Song LB, Guo BH, Band V, Dimri GP: Mel-18
acts as a tumor suppressor by repressing Bmi-1 expression and down-
regulating Akt activity in breast cancer cells. Cancer Res 2007,
67:5083-5089.

21. Tagawa M, Sakamoto T, Shigemoto K, Matsubara H, Tamura Y, Ito T,
Nakamura |, Okitsu A, Imai K, Taniguchi M: Expression of novel DNA-
binding protein with zinc finger structure in various tumor cells. J Bio/
Chem 1990, 265:20021-20026.

22. Dukers DF, van Galen JC, Giroth C, Jansen P, Sewalt RG, Otte AP, Kluin-
Nelemans HC, Meijer CJ, Raaphorst FM: Unique polycomb gene
expression pattern in Hodgkin’s lymphoma and Hodgkin’s lymphoma-
derived cell lines. Am J Pathol 2004, 164:873-881.

23. Wei J, Kahn J: Purification of Total RNA from Mammalian Cells and
Tissues. In DNA Microarrays: A Molecular Cloning Manual. Edited by: Bowtell
D, Sambrook J. Cold Spring Harbor, New York: Cold Spring Harbor
Laboratory Press; 2002:110-119.

24, Gentleman RC, Carey VJ, Bates DM, Bolstad B, Dettling M, Dudoit S, Ellis B,
Gautier L, Ge Y, Gentry J, et al: Bioconductor: open software development
for computational biology and bioinformatics. Genome Biol 2004, 5:R80.

25. Bloom HJ, Richardson WW: Histological grading and prognosis in breast
cancer; a study of 1409 cases of which 359 have been followed for 15
years. Br J Cancer 1957, 11:359-377.

26. Song LB, Zeng MS, Liao WT, Zhang L, Mo HY, Liu WL, Shao JY, Wu QL,

Li MZ, Xia YF, et al: Bmi-1 is a novel molecular marker of nasopharyngeal
carcinoma progression and immortalizes primary human
nasopharyngeal epithelial cells. Cancer Res 2006, 66:6225-6232.

27. McNeill RE, Miller N, Kerin MJ: Evaluation and validation of candidate
endogenous control genes for real-time quantitative PCR studies of
breast cancer. BMC Mol Biol 2007, 8:107.

28. Tripathi A, King C, de la Morenas A, Perry VK, Burke B, Antoine GA,

Hirsch EF, Kavanah M, Mendez J, Stone M, et al: Gene expression
abnormalities in histologically normal breast epithelium of breast cancer
patients. Int J Cancer 2008, 122:1557-1566.

29. Chen DT, Nasir A, Culhane A, Venkataramu C, Fulp W, Rubio R, Wang T,
Agrawal D, McCarthy SM, Gruidl M, et al- Proliferative genes dominate
malignancy-risk gene signature in histologically-normal breast tissue.
Breast Cancer Res Treat 2010, 119:335-346.

30. Saeki M, Kobayashi D, Tsuji N, Kuribayashi K, Watanabe N: Diagnostic
importance of overexpression of Bmi-1 mRNA in early breast cancers. Int
J Oncol 2009, 35:511-515.

Pre-publication history
The pre-publication history for this paper can be accessed here:
http://www.biomedcentral.com/1471-2407/10/686/prepub

doi:10.1186/1471-2407-10-686

Cite this article as: Riis et al: Expression of BMI-1 and Mel-18 in breast
tissue - a diagnostic marker in patients with breast cancer. BVC Cancer
2010 10:686.








<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice




