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Summary

With our andyticd tools we have
andyzed microarray data with over
20,000 genes. We have discovered
molecular patterns characteristic of
zonal and histological tissue
classification of the prostate. We have
found promisng prostate cancer
biomarkers yidding 90% sensitivity
and specificity on completely
independently collected data We have
dso found promisng  diagnostic
markers and new drug targets for
BPH.

1. Background

Prostate cancer isa deadly disease...
There are an estimated 300,000 new
cases and 41,000 deaths from prostate
cancer each year inthe US done.

... but most patients do not die of it!
Clinica dudies indicate that 50% of men
over age 50 and 70% of men over age 70
have prostate cancer. However, of al
men diagnosed with prostate cancer
during ther lifetimes only 3% de of
Prostate Cancer!

The era of PSA isover

The standard blood test measuring the
levd of progtate specific antigen (PSA)
has recently been shown to reved mosily
benign prostate hyperplasa (BPH), a
condition that is not life threatening,
NOT Prostate Cancer. Current serum
PSA based cancer detection strategies
reult in an unacceptable, high fdse
podtive rate, this leads to many
unnecessary biopsies (only ¥ of
biopses ae postive for cancer) and
reullt in  over-diagnoss of prodate
cancers, which do not need to be treated.
This leads to many unnecessary
prostatectomies. In this contrext, there
is a criticd need for a FSA replacement
that can accurately discriminate between
latent, nonaggressve  cancer and
cdinicdly dgnificat Prostate Cancer.
The results of our andyss are important
steps towards that end.

Zones and grades

The prodate is traditiondly though of
beng composed of three zones the
peripherd zone (PZ) has the largest
number cancers (60-80%), and the worst
prognosis. The centrd zone CZ has only



Table 1: Our latest dataset
(Stanford University)

HistolOgical classification )Nyp,
CZ Normal / 9
Dysplasia (Dys) 4
Grade 4 cancer (G4) 1
PZ Normal
Dysplasia (Dys) /’%’é/
Grade 3 cancer (G3) 11
Grade 4 cancer (G4) 18
TZ Benign Prostate 10
Hyperplasia (BPH)
Grade 4 cancer (G4) 8
Total 87

Affymetrix U133A microarray, ~20,000 genes

5-20% of the cancers. The trangtiond
zone (TZ) is essentidly composed of
tissue growing in the aging man known
as benign prostate hyperplasa or BPH.
Only10-18% of the cancers occur in the
TZ. Hedthy and madignant prosaie
tissues can be recognized by histologica
daning and cdasdfied into hedthy,
BPH, or cancer. Severd grades of
cancers can adso  be diginguished,
ranging from 1 to 5. Curability is
inversdly related to the fraction of cancer

tissue of grade 4 or 5. Dysplasa is a
tisue anomdy thought of beng a

precursor of cancer. Our study takes into
account zonal and histological tissue
classification.

2 . Material and Methods

Three dements are key to success in
biomarker discover:

— Samples. the avalability of good
samples with accurate clinicd
annotations.

— Measurements. a sendtive measuring
assay, good experimentd desgn and
sample processing.

— Analysis. the use of date-of-the art
andytica biomarker discovery software.

With our patented analyticd tools, which
have proven to be superior in severa
dudies, we have andyzed high qudity
microarray data  from Stanford
Univergty and other sources.

An exceptional and challenging dataset
We peformed our biomarker discovery
with a dataset of 87 prodtate tissues of
different zones and histologicd grades.
The data, provided by the team of Prof.
Stamey a Stanford Univerdty (Table 1),
iS unique in the sense that it contains
tissues that are laser microdissected and



carefully labeled The tissues coming
from frozen sections of the prodstates of
patients having undergone prostatectomy
were andyzed with an  Affymetrix
U133A microarray, which reveds the
gene expression of over 20,000 genes.

Validation data

In addition we have had access to data
from a previous Stanford study in which
67 samples were andyzed with the
HuGeneFL Affymetrix aray (Table 2),
and publicly avalable daa from
Oncomine (Table 3) The fird Stamey
sudy recorded only the expresson of
~6500 genes, but had zond and
higologicd annotations. The Oncomine
data recoded ~12500 genes and do not
have zond and higologica annotations.
We use these additiond data for
vdidation purpose.

Table 2: First Stanford study.

Zones Histology Num

Cz Normal 3

Pz Normal 5
Stroma 1
Dysplasa 3
Grade 3 10
Grade 4 27

TZ BPH 18

Total 67

HuGeneFL microarray ~6500 genes

Table 3: Oncomine data.

Source Histology | Num

Febbo [1] Normal 50
Tumor 52

LaTulippe Normal 3

[2] Tumor 23

Welsh [3] Normal 9
Tumor 27

Total 164

HuGeneFL microarray ~6500 genes

Analytical methods

The gene expresson coefficients ae
ranked with the Area under the ROC
curve (AUC) of individual genes to
sect genes mogst  characterigic  of
disease tissues (cancer of BPH.) The
AUC is the area under the curve plotting
sengtivity V.S. specificity. The
sendtivity is defined as the rate of
successful  diseese  tissue  dassfication
and the <pecficity is the rae of
successful  control  tissue  classfication.
Thus our ranking method alows us to
asess the classification power  of
individud  genes  The  dtatistical
significance of the genes sdected with
this criterion can be assessed with the
WilcoxonrMann-Withney tet and a
“fdse discovery rat€’, which esimates
the fraction of indgnificant genes can
thus be computed. Visudization of the
tissue samples as scatter plots in the
gpace generated by two relevant genes
dlows us to veify zonal and
histological grouping.

The vdidity of the genes is further
chdlenged with the vadidation data For
this purpose, we must match the probes
of the various arays and normdize the
data. We matched the genes in the
different arrays by probe sequence, gene
ID, and gene description (Stanford new
& old: 2346 maiched genes, Stanford
new & Oncomine 6839 matched genes)
We then normdized the data matrices
iteratively in lines and columns. We
then used two validation methods:

- Gene st “evichment”: We selected
the top 50 ranking genes of the
discovery dataset and examined how fast
they ae encountered in the ranking
performed with the vaidation dataset.

- Classfication prediction We sdlected
genes and traned a classfier usng the
discovery dataset; we computed the
classification accuracy using the
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Figure 1. Genes characteristic of cancer.

vaidation datasst. We use regularized
liner classfiers andogous to Support
Vector Machines (SVM.)

As a lagt verification, we swapped the
discovery and vaidation datasets and
peformed agan the same andyses.
Fnaly, we pooled the samples from
severad dudies and perform a consensus
gene ranking.

3. Results

Molecular signatures

In one experiment, we separated our
U133A samples from the latest Stanford
study into a discovery st and a test st
The tet set consised of 10 BPH
samples and 10 cancer samples® The

! These samples having all been processed at a
later date than the other samples, we wanted to

normdized expresson levds of the
samples for the two genes separating
best cancer from control are shown in
Figure 1. The colors code for the
histologica classfication (Red=G4,
Pink=G3, Green=Dysplasa, Blue=BPH,
Black=Norma.) The symbols indicate
the zones (+=TZ, o=CZ, *=PZ)
Symbols enclosed in a square indicate
the test samples, not used to sdect the
genes. Remarkably, those two genes
group wel the samples by histologica
classes. Furthermore, they seem to
indicate disease progression. Findly, the
tesd samples ae well cdassfied and the
BPH samples (which ae dl tes
samples) group in a cduger tha is
digtinct from other control samples.

verify that no experimental artifact had been
introduced.
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Figure 2: Classification accuracy validation. Ten genes are selected and
used for training with one dataset. The other is used for testing.

We aso found genes that are specific of
BPH, i.e. which separate wedl BPH from
dl other higologicd cdasses (not
shown.)

Biomarker validation

Usng the datisticd methods described,
we edimated the fdse discovery rate of
the genes mogt discriminative of cancer
tissues to be less than 0.3%. For the
genes mogt discriminative of BPH, it is
no more than 0.2%.

Genes sdected to separate tumor from
controls in the discovery dataset (U133A
Stanford data) are found to be dso
discrimingtive in the vaidation dataset
(Oncomine data) and vice versa, with
AUCs above 0.9 (Figure 2) We
peformed a Smilar vdiddaion for the
BPH genes usng the two Stanford

gudies, we dso found AUCs larger than
0.9. In dther case, only ten genes were
necessary to achieve these results.

We dso veified tha the gene ranking
obtained with one data set is enriched in
genes sdected from the other dataset.
Approximaidy haf of the top 50 genes
of one study are found in the top 200
ranking genes of the other study.

Consensus ranking

Having vdidated the data, we pooled the
samples of several sudies to produce a
consensus ranking. Hundred of genes are
found dgnificant and ae candidate
biomarkers. To illudrate the results, we
show in Figure 3 the heat map of gene
expresson coefficients of the top 50
genes mog discriminative of BPH in the
two Stanford studies.
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Figure 3: Heat map of the gene expression coefficients from the samples
of the two Stanford studies. The lines of the matrix represent the samples. We
show the 50 genes most discriminative of BPH (columns) The last column

indicates the tissue category (red at the top=BPH, blue at the bottom=others.)

Development of serum assays

Having, identified genes in prodate
tissue, which show the presence of
cancer or BPH, we shdl now sdect
those genes, which will most likely be
present in blood. From our initid work,
hundreds of genes are suitable for this
andyss and we know that as few as ten
genes suffice to get high dassficaion
accuracy. Andyticd techniques such as
Recursve Feature Elimination Support
Vector Machine (RFE SVMs) may be
ingdrumentd in optimizing the find gene
ot Patnering  with Proteomics
companies, we will devdop serum
assays for those gene products and
perform dinica sudies to vdidae the
biomarkers as a prostate cancer and BPH
tests.
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