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Breast cancer is clinically heterogeneous ::o

1stissue:

Prognosis ranges from complete cure after surgery to early relapse
and death.

Main risk factor: invasion to lymph nodes

Still, one-third of N- patients will relapse

As aresult, there is increasing tendency to adjuvant treatments in
Pls @nds consequently, 2/3 of them will be overtreated.

A significant group of breast cancers can be successfully treated with
endocrine therapy.

Main predictor: steroid receptors in the tumor.

Still, >one-third ER+/PgR+ patients will not respond.



Few prognostic factors, individually not strong enough

Goal:

to identify a set of “prognostic genes’, whose expression profile could be used as a marKer for

prognosis

Rationale:

To seek forcOMbinatorial (associative) value of many biomolecular markers (tens,
hundreds), selected on the basis of lIMited assocCIatioN with clinical features

ER

PgR
ERBB2/neu
MYC

P53
Catepsin D
P21

EGFR
ERBB3
Nm23
MMP-2
E-cadherin
uPA

PSA

VEGF
Survivin
Telomerase
Serpine 1
Cyclin D1
Ki-67 antigen
CIES




The second Kind of information we expect from gene expression profiling is

to discovermolecular lesions

i.e. alterations to metabolic or signalling pathways that can be responsible of tumor development and

that can be

target for therapeutics

This is accomplished by identifying clusters of genes segregating with SUDQrOUPS of tumors and
then looKing for ontologies amonyg genes, i.e. finding significant groups of genes, showing co-regulation in

tumors and belonging to the same or correlated pathways.



. : o000
ANN image analysis o0

Gene alteration profiling (DNA) by CGH

Gene expression profiling (RNA) on microarrays of RT-PCR cards

Proteomic analysis

... the question is just having a complex image,
enough to recognize the sample !

More on microarrays ( )
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Is there any direct relationship between gene COPY alterations and expression profiles? : : ®
[

Microarray analysis reveals a major direct role of
DNA copy number alteration in the transcriptional
program of human breast tumors

Jonathan R. Polack*t, Therese Sarlie®, Charles M. =00’ Christian A, Rees**, Stefenie S Jeffreytt, Par E Lonning™,
Robert Tibshireni®, David Botstan', Anna-Lise Barresen-Dala®, anc Patrick O Brown!™

Genamic OMNE copy numnmher alterations ars key genetic svsnts in
the development and prograssicn of human cancers, Hers we PMAS | Octoler 12002 | wol 99 | noo20 | 12063-12963
MRt & Fenema-wids micartay Lomparative gencmis Fy'bd-
igation {array CGH) analysis of DHA copy number variatian in
a serles of primary himan hisast tumors. We have prafllsd DHS
capy number alteratlon soress 6801 mappead human genes. [n 44
predosninantly advanced, primary bregast umars amd W breast
fancer cell limps. While the gesrall patterns af DML amipdificaticon
ane dolatlen correborats prasleus cytoganctls studles, the nligh-
pecolution (Qenn-by-denc) mapping of amploon boandaries il
the guantitative analysis of amplicon shape provide significant
In provdsment b the lewallzation of candldate oncogenes. Parallgl
micraarray measuremaents of mEMA lovels reveal Lhe remarkable
dugreg beowhich varialion in gewe copy nomber centriboles ko
variaton in gens exprassion ine turmaor cells. Spadfically, wea Tird
that EX% of highhy amplitled gones shosr maderataly ar blghly
aleyal=d expression, that DA copy numbsr influances gens pa-
jression acrass-a wids range of DA copy numbern alesration
fdeletiom, lane-, miid- ared high- levs amplification), thaton average,
a 2-Told changs In DHNE - Ccepy nunbel 15 Esocimed with & Corre-
sponding 1.5-Told dhangz in mANA [=vEls, and Lhal averall, at lsas,
125 af all the variation in gene eapression amang e breast
fumars 15 directiy atributable to mndorying warfatlonIn gem e copy
mumbaer, These findings provide cwideoce thal seidespread DHA
capy nurmber alteration can lead dirsctly to global deregulation ef
gens epxpreséion, ywhich may cantribute to the development o
PROE Pesskam o CAror.
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o0
o
Archival tissues from
patients with short vs \
survival :
Constitute small groups of
tumors (n=5) for each class
Microarray analysis of RNA pools
Search for subsets of ~ Analysis with real-time RT-
genes segregating with PCR on individual tumor

survival RNAS



000
Total R_NA : : bt
extraction from 30 [
ductal breast
carcinoma biopsies
Prep of total RNA pools from two groups: cRNA
disease-free survival <72 months (PP, poor prep
prognosis) or >72 months (GP, good prognosis) \
_ Duplicate
5 patients/pool oligonucleotide array
7 g RNA/patient analysis (AffyChip
HU133A)

Statistical and bioinformatics analysis:

Data normalization and probeset intensities determined using Affymetrix Microarray Suite 5
(MAS) and Bioconductor.

Differential expression validation carried out using SAM and CyberT.

63 statistically significant genes found, using a fold change threshold of |1.5| and a false
discovery rate (FDR) of 1.2%.
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Genes identified by microarray analysis on pools are now validated by real-time RT-PCR using
RNAs from individual tumors (same and independent series)

Generally, they individually display borderline association with prognosis




Gene expression profiles associated with endocrine responsiveness

Microarray analysis of estrogen-
Identify an estrogen-requlated gene

treated breast cancer cells R

—

set

/ Cicatiello et al., 2004

Alessandro Weisz group’s work
—

Validate by metanalysis on available breast tumor microarray

data
Weisz et al., 2004

Correlation analysis with response to anti-

estrogenic therapy
Analysis by real-time RT-PCR of subsets

Adjuvant tamoxifen
of ERGs in individual tumor

Neo-adjuvant setting

Metastatic, first-line



Question: is the set of estrogen-regulated genes good for discriminating ER+ and
ER- breast tumor biopsies?

Dataset analyzed: “Molecular Portrait of Human breast Tumors” (Perou et al. 2000)
(expression analysis on 62 tumor specimens from 40 patients)

Method: unsupervised two-dimensional hierarchical clustering.

Result: the 218 genes in common with our 344 were NOT able to cluster tumors.
However:

Hierarchical clustering was again performed using a new set of supervised genes:
O the 19 genes identified by cell line analysis

© 8 known estrogen-responsive genes found within the tumor data set

© 4 additional genes consistently expressed in ER+ cells/tumors

This estrogen-responsive gene set DID cluster tumors




Question: could a small number of ERGs, measured in tumors and not including 000
: . o 000
ER, together with common variables, discriminate the ER+ phenotype? o0
o
1) Select genes from the “in vitro” estrogen-regulated set.
2) Examine their expression level in randomly selected cases of primary invasive
ductal breast cancer by quantitative RT-PCR.
3) Examine their combinatorial ability to discriminate
a) steroid receptor status
b) clinical outcome
Rescal ed Di stance C uster Conbi ne
Example: 18 cases, 8 genes: CASE 0 5 10 15 20 25
Label Num-----=--=-=-="-=------------------------------------------
Unsupervised hierarchical 16 7
. c 18
clustering, two cluster solution. A
ER distribution in the two cluster : |
Is significantly different (P<0.02) 11
13
7
12 I
g—
17
Sorbello et al. “Quantitative real-time RT- 15 -
PCR analysis of eight novel oestrogen- 2 |
regulated genes in breast cancer”. Int J 12
Biol Markers 18: 123-9 (2003). 3

14
5




Correlation analysis with response to anti-estrogenic therapy ::‘

Adjuvant setting:

retrospective analysis in post-menopausal patients with ER+ tumors,
given adjuvant tamoxifen or aromatase inhibitors. Compare gene
expression in R+ and R-. Requires hundreds of cases.

Neo-adjuvant setting:

older patients with unoperable ER+ tumors, are given pre-operatory
tamoxifen for 3-4 months. Objective response is evaluated. Gene
expression profile is measured on fine-needle biopsy.

Metastatic:

patients with metastasis after adjuvant therapy, given first-line
tamoxifen. Objective response is evaluated. Gene expression profile is
measured on the primary tumor tissues, the rationale being that overall
expression profiles are conserved.



CONCLUSIONS

Estrogen-regulated genes are good “detectors” of the presence
of ER in both cell lines and tumors

A combination of few ERGs can be used to support ER/PgR
characterization in breast cancer

ERGs are now being tested as “detectors” of responsiveness to
endocrine treatments in breast cancer



La tecnica di ibridazione su fase solida permette di verificare la presenza di molti geni

contemporaneamente

Sonde complementari a diversi geni

vengono depositate su un filtro L'RNA 0 il DNA vengono estratti
dalle cellule

O >
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L'RNA o0 il DNA vengono estratti
dalle cellule

RNA A / 7]

B: NO A B
Gene B: N\ RN /z

RNA C

—
genex: mO[tO! eccetera PP 1
v o . avpositamente marcati
. O ...e ibridizzati alle sonde PP
sul filtro —
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Highly parallel probe |2
arrays: “DNA chips”

DMA clones

PCR amplification
prrification
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DNA chips: there are currently different types available:

Spotted microarrays with ¢cDNA probes

Spotted microarrays with long oligonucleotide probes

Short oligonucleotide microarrays (Affymetrix)

Ink-jet synthesized long oligonucleotide microarrays
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Available microarrays differ widely over a number of respects:

The Kind of probes
Specificity of the probes

Use as absolute versus relative measurement

N R W

Flexibility and cost

8. Sample preparation



Probes

cDNA fragments, PCR products are low-cost, very flexible probes,
But
when dealing with probes longer than 60-70 nt, sub-section hybridization can give rise to false detection (i.e.
nonspecific)
Probes may also present very different CG content in different sections.

Flexibility is somehow an advantage

But

individual probe design make comparison between results obtained in different laboratories Very difficult



Specificity

For cDNA and PCR products, there are wide variations between producers

For long oligonucleotide probes, the specificity is usually checKed a priori, i.e. oligo probes are bioinformatically
designed to hybridize to unique sequences. In addition, the Tin of the probes is controlled by uniformity in CG content.

In the case of Affymetrix, the relative shortness of the oligos does not allow the use of one single probe / gene.

The specificity is, in this case, evaluated by interrogating each gene with mutiple oligos: a “probeset”.



Absolute versus relative measurement, sample preparation

Using hybridization reaction as an absolute measurement of RNA requires that the amount of probe on each

spot be uniform and reproducible.

This is a requirement fullfilled by Affymetrix arrays and by the latest generation of spotted long-oligo arrays
(e.g. Amersham,).

In all the other cases, the amount of probe / spot is variable and unassessable, so that relative

measurements are necess ary.



Sample preparation

There are widely different methiods to prepare and label the RNA (the ‘complex probe”).

First, the use of total RNA versus poly(A+)-RNA

Second, nonamplified versus amplified

Third, direct versus indirect labelling



How an Affychip is used




How an Affychip result looks like

An oligonucleotide array
(Affychip®) hybridized to
biotin-labelled cRNA and
revealed with fluorochrome-
conjugated avidin




Spotted arrays, on the contrary, are commonly used in relative
measurements, i.e. to compare gene expression between two biological
samples.

RNA from and from reference are labeled by introducing two
different fluorochromes.

This allows co-hybridization of the two samples to the same chip,
providing direct comparison by two-color analysis

The most common fluorochromes are the cyanines Cy3 (red) and Cy5
(green)



Co-hybridization of double-color labelled test and reference samples

“Test” sample (tumor tissue, stimulated cells)

RNA Extraction,
cDNA Synthesis
and labelling

/\/
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Hybridization
“reference” sample (mix of different tissues, unstimulated cells)
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000
How a spotted microarrays hybridized with two-colors probes ( X J

looks like




Laser scanning K intensities K normalization ¥ data analysis

Expression ratios are then transformation to
false-color codes for representation

Y

->6-fold
-3-6-fold and subjected to statistical and

-1-3-fold clustering analysis
No change ‘
+1-3-fold

+3-6-fold
+>6-fold



0000
0000
human fibroblasts: 48 hrs serum starvation, then serum back 000
oo . o0
for the indicated times o

RNA extracted at time points labelled with red dye
RNA extracted at time = 0 labelled with green dye
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