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Abstract

Identification of biomarkers that can accurately and reliably diagnose prostate cancer is clinically highly
desirable. A novel classification method, K-closest resemblance was applied to several high-quality tran-
scriptomic datasets of prostate cancer leading to the discovery of a panel of eight gene biomarkers that
can detect prostate cancer with over 96% specificity and sensitivity in leave-one-out cross-validation.
Independent validation on clinical samples confirmed the discriminatory power of this gene panel, yield-
ing over 95% accuracy of diagnosis based on receiver-operating characteristic curve analyses. Different
levels of validation of the proposed biomarker panel have shown that it allows extremely accurate diagnosis
of prostate cancer. Application of this panel can possibly add a fast and objective tool to the pathologist’s

arsenal following further clinical testing.
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Introduction

Prostate cancer has evolved as a major health problem
in the male population of the Western world. It is cur-
rently the most commonly diagnosed malignancy and
the second leading cause of cancer death, represent-
ing nearly 29% of all male cancer deaths (Li et al. 2006,
Karan et al. 2003, Peehl 2005, Berger et al. 2004, Rose
et al. 2005, Dhanasekaran et al. 2001, Lapointe et al.
2004, Luo et al. 2001, Singh et al. 2002,Varambally et al.
2002, Welsh et al. 2001, Rhodes et al. 2002, Tanguay
2000, Yu et al. 2004, Tomlins et al. 2007, LaTulippe
et al. 2002, Mhawech-Fauceglia et al. 2007, Hessels
et al. 2010, Graif et al. 2007, Esserman et al. 2009). The
current methods for detecting prostate cancer include
the prostate-specific antigen (PSA) blood test, a dig-
ital rectal examination (DRE), transrectal ultrasound
(TRUS) and biopsy. However each of these tests suf-
fers from significant limitations in sensitivity and

specificity. New biomarkers are needed for prostate
cancer diagnosis and treatment planning (Li et al. 2006,
Graif et al. 2007, Esserman et al. 2009). Newly devel-
oped single gene biomarkers, such as initially highly
promising prostate cancer antigen 3 (PCA3), are still
under investigation. The utility of such single marker
tests is often questionable as the expression level of any
one gene probably depends on a number of tumour
and non-tumour related factors and can, thus, lead to
high number of false-positive diagnosis (Hessels et al.
2010). Furthermore, prostate cancer metastasis that
may occur via lymphatic and haematogenous path-
ways can target almost any distant organ. When the
diagnosis of metastatic prostate cancer is suspected
immunohistochemistry is routinely used, usually
analysing PSA and prostate-specific acid phosphatase
(PAP). Even though the use of these two markers can
improve diagnosis, there are many reports showing that
the accuracy of this test depends on the tumour grade
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and treatment. Therefore, additional markers would be
highly beneficial (Tanguay 2000).

DNA microarrays are able to provide an unbiased
screen of expression levels for thousands of genes in a
range of samples. The application of DNA microarrays in
cancer research over a decade has resulted in the avail-
ability of an abundance of literature on gene expression
measurements for many different applications. Several
recent studies have systematically assessed gene expres-
sion profiles in prostate normal and cancer tissues
(Dhanasekaran et al. 2001, Lapoine et al. 2004, Luo et al.
2001, Singh et al. 2002, Varambally et al. 2002, Welsh et al.
2001), providing a wealth of relevant and openly acces-
sible information on changes in mRNA levels relating to
this disease. Therefore it can be argued that sufficient
experimental gene expression information is already
available for the extraction of an optimal biomarker set.
The challenge lies in applying the best data analysis tools
for the extraction of useful information.

Combined analysis of published microarray data and
the available information about genes, proteins, metabo-
lites and cellular pathways in the prostate gland provides
a significant base for computational determination of
clinically relevant biomarkers and their in silico valida-
tion. Optimization as well as development of methods for
supervised and unsupervised analysis of microarray data
is expected to bring useful clinical information, including
determination of diagnostic and prognostic biomarkers.
Detailed analyses of the properties of these biomarkers
can then lead to the determination of significant path-
ways, providing a novel approach for their validation and
also possibly leading to non-invasive diagnostics and
improved treatment options.

Recent statistical analysis of clinical data suggests
increasing the number of biopsies in patients (Graif
et al. 2007). Subsequently, fast and accurate diagnosis
from biopsy samples will be needed and this requires
the identification of optimal sets of diagnostic mark-
ers. Several genes and proteins have been individually
proposed as diagnostic markers for prostate cancer.
However, expression levels of a single gene or a single
protein can be altered by non-cancer-related factors
leading to false-positive or false-negative diagnoses.
Furthermore, reliance on changes in expression levels
of a single biomarker for diagnosis requires measure-
ment of the absolute concentration and the determi-
nation of scale which is often problematic. Conversely,

the use of a biomarker panel reduces the likelihood of
false-positive or false-negative results. Furthermore,
the inclusion of genes that have both higher and lower
expression levels in the malignant tissue provides an
internal reference for the diagnostic test. Here, we
present the discovery of a highly accurate gene panel
for prostate cancer diagnosis as well as an independent
in silico and experimental validation on a number of
independent patient samples.

Materials and methodology

Microarray datasets

All datasets used for the biomarker discovery in this work
were previously validated for accuracy in RNA expression
measurements (references in Table 1). The primary set
used for gene biomarker determination was published
by Singh et al. (2002) as this was the largest dataset avail-
able. The other listed datasets were used for the initial
validation. References to the original datasets as well as
the number of tumour and normal samples and microar-
ray platform used are given in Table 1. The descriptions
of methods used for sample processing, microarray
experimentation, and validation are given in the original
publications.

Data preprocessing

Several standard methods for microarray data normaliza-
tion as well as combination of measurement replicates
are utilized here. The original Affymetrix data from Singh
et al. (2002) was normalized using the quantile normali-
zation method. The RMA (robust multi-array average)
method proposed by Irizarry et al. (2003) was used for
probe summarization. In this method, summarization is
performed using the median polish and the mismatch
probes’ fluorescence values are used only for background
adjustment. Finally, log,-transformed data was scaled to
amedian value of zero and a standard deviation of 1 over
all samples and genes. Data preprocessing was prima-
rily performed using microarray analysis tools provided
as part of Partek Genomics Suite (Partek Inc., St Louis,
MO, USA) and TMeV (http://www.tm4.org/mev/). Other
methods and tools such as Gene Pattern (Reich 2006),
Bioconductor (www.bioconductor.org) and Matlab

Table 1. Prostate microarray datasets used in this discovery, analysis and first stage of validation of diagnostic biomarker panel.

Dataset Microarray platform Probes Normal samples Cancer samples
Singh et al. (2002) Affymetrix HG_U95Av2 12 626 50 52
Lapointe et al. (2004) Spotted cDNA 4416043008 932 1349
Yu et al. (2004) Affymetrix HG_U95Av2 12 626 23 64
Dhanasekaran et al. (2001) Spotted cDNA 5520 genes; 4464 ESTs 6 59
Welsh et al. (2001) Affymetrix HG_U95Av2 12626 9 25
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(Matworks Inc, Natcik, MA, USA) were also utilized for
method optimization.

Feature analysis and selection

The existence of several microarray studies of prostate
cancer offers possibilities for biomarker discovery.
Combined meta-analysis of different datasets has previ-
ously been suggested as an interesting way to increase
the sample size (Grutzmann et al. 2005). However, direct
combination of datasets is not possible because of the
differences in sample processing and experimental pro-
cedures as well as probe differences. Although several
methods for data transformation and meta-analysis
have been proposed, there is still no consensus or clear
guidance on the best meta-analysis procedure. Thus,
meta-analysis, although leading to increased sample
size, can lead to erroneous results. Therefore, we used
an alternative approach that still takes advantage of the
many different datasets available. The largest dataset pro-
vided by Singh et al. (2002) was used for biomarker panel
determination. This high-quality dataset has matched
normal (50) to cancer (52) samples. The other published
datasets were used for first round of independent valida-
tion of gene panels.

Determination of the most significantly differentially
expressed genes from publically available microarray
dataset provided by Singh et al. (2002) was performed
in two steps. Initial determination of a large subset of
all significantly differently expressed genes was per-
formed using significant analysis of microarrays (SAM)
(Tusher et al.2001), Wilcox (Mann-Whitney) rank sum
test and ANOVA. The gene subset selected by SAM
was chosen for further analysis because all the genes
determined as significant using the SAM method were
also selected by either ANOVA or Mann-Whitney pro-
cedures. The selection of a small, diagnostic biomarker
panel was performed using a method developed in our
group called Kclosest resemblance (K-CR) (Belacel
2004, Belacel 2000). K-CR is a type of multiple criteria
decision analysis (Belacel 2000) where the determina-
tion of a subset of K prototypes representing the clos-
est resemblance to an object, or in this case a tissue
sample, is based on the scoring function. In K-CR, final
assignment of the tissue samples to different classes or
to different types of tumours is performed using the
majority-voting rule as used in the k nearest neighbour
procedure (Dasarathy 1991). The method generates
gene weights that can be used to select a subset of
genes that results in the highest classification specifi-
city and sensitivity for the dataset. In order to avoid
over-fitting, the performance of the method for each
gene subset was evaluated using the ‘leave-one-out’
technique (reviewed in Cuperlovic-Culf et al.2005).
In order to avoid suboptimal selection, results from

several consecutive runs of K-CR were evaluated based
on the accuracy of classification, validation against
other datasets and biological knowledge. The method
is schematically represented in Figure 1.

Gene analysis

The analysis of properties and characteristics of biomar-
ker genes in terms of their expression, function, sequence
properties, interactions, gene ontologies and chromo-
somal localization as well as gene correlation networks
was performed using various methods for gene cluster-
ing, sequence and pathway analysis. The methods used
for gene and sample clustering included Fuzzy J-Means
(Belacel 2004) as well as principal components analysis
(PCA) and hierarchical clustering as applied in Partek
Genomics Suite (Partek Inc.). Gene properties and
expression levels in other microarray experiments were
investigated using Oncomine (Rhodes et al.2007). Gene
network analysis was performed using Pathway Studio
(Ariadne Genomics, Rockville, MD, USA). Pathway Studio
develops networks of related genes for a given list of genes
based on literature search.

Experimental validation

The panel of genes was experimentally validated using
quantitative real-time polymerase chain reaction (qQPCR)
gene expression measurements in an independent set of
19 tumour, 13 adjacent-to-tumour and 14 normal prostate
RNA samples extracted from patient tissue biopsies pur-
chased from a commercial source (Asterandplc, Detroit,
MI, USA). Each RNA sample was assessed for 28S and 18S
ribosomal degradation using the Experion™ Automated
Electrophoresis System (Bio-Rad Laboratories, Hercules,
CA, USA). All samples demonstrated 28S/18S ratios of
1.6 or higher. Total RNA (500ng) was synthesized into
cDNA using oligo(dT),, primers and SuperScript III
reverse transcriptase (Invitrogen, San Diego, CA, USA)
according to the manufacturer’s suggested protocol.
Each sample was reverse transcribed in triplicate. Real-
time primers for the eight target genes were designed
using Primer3 v0.3.0 (primer3.sourceforge.net) and
the appropriate mRNA consensus sequences from
the NCBI Entrez nucleotide database (ncbi.nlm.nih.
gov). PCR product sizes were limited to a maximum of
150 bases in length. Primers were designed to amplify
intron-spanning regions and were supplied by Integrated
DNA Technologies (Coralville, 10, USA). qPCR reactions
were done on a Mastercyclerep realplex’ (Eppendorf,
Westbury, NY, USA) instrument using B-R SYBR® Green
SuperMix for iQ™ (Quanta BioSciences, Gaithersburg,
MD, USA) reagent, optimized primer amounts for each
primer set and cDNA input amounts of 10ng per 20ul
reaction. Each gene measurement for each sample was
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Figure 1. Schematic description of the data analysis procedure including steps in data preprocessing, feature preselection and final feature selec-

tion using K-closest resemblance procedure (K-CR).

performed in triplicate.Melting curves were checked to
ensure specificity.

gPCR efficiencies (E) for each gene were calcu-
lated using the formula E=100/s?¢l The relative
expression ratio (R) for each target gene was calcu-
lated based on E and the quantification cycle (Cq)
deviation of each test sample versus a control sam-
ple (normal prostate RNA pool) using the following
equation:
R=(E

target )

ACq target (control-sample) (Pfafﬂ, 2001 ) ( 1 )

Results and discussion

Feature analysis:biomarker discovery

The microarray dataset made publically available by
Singh et al. (2002) was used for biomarker panel determi-
nation. This high-quality dataset includes expression data
for over 12,000 genes measured in matched normal (50)
and prostate cancer (52) biopsy samples. Several statisti-
cal methods were tested for their ability to exclude from
the dataset genes which show no significant expression

level change between cancer and normal samples. These
statistical methods include ANOVA, Wilcox rank sum
test and SAM. The subsets of significantly differentially
expressed genes obtained using these three statistical
methods differed and is shown as a Venn diagram in
Figure 2.

However, all the genes determined as significant
using the SAM method were also selected by either
ANOVA or Mann-Whitney procedures, with in fact
a large majority of these genes selected by all three
methods. Following this observation, further analy-
sis was performed on the SAM-selected gene subset
(557 genes). This set was used in the second step of
the feature selection. In this step we have used the
K-CR method developed in our group (Graif et al.
2007). Rather than selecting significant genes from
the set, the K-CR method deletes the genes which are
insignificant in the classification. This type of analysis
allows the cross-interaction of significant genes to
contribute to the accuracy of classification. As K-CR
is a heuristic method, several computational analyses
were performed and several possible biomarker sub-
sets were determined. The most optimal biomarker set
was chosen based on the highest sensitivity, validation
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against other published microarray datasets and lit-
erature analysis of genes in these panels. The selected
biomarker panel (Table 2) showed 96% sensitivity and
98% specificity of classification in the test set using the
‘leave-one-out’ cross-validation technique.

The selected diagnostic biomarker panel consists of
eight genes - three genes that are overexpressed and five
that are underexpressed in prostate tumours relative to
normal prostate tissue. Presented in the Table are names,
synonyms and NCBI gene IDs. Also included is the chro-
mosome location for each gene. The possible significance
of the gene chromosomal location is outlined below. The
expression levels of the biomarker gene panel based on
the microarray measurements (Singhet al. 2002), follow-
ing normalization and scaling as described in Methods,
are shown in Figure 3 as a heat map.

SAM
(557)

ANOVA  Mann-Whitney
(791) (744)

Figure 2. Venn diagram comparing gene subsets selected using
ANOVA, Mann-Whitney (Wilcox rank sum) and significant analysis of
microarrays (SAM) tests. The ANOVA and Mann-Whitney gene subset
is selected to have p<0.0005; SAM subset is selected with D=1.287 and
0 false-discovery rate.

For optimal sample diagnosis, values for all eight
genes should be utilized and the final sample classifi-
cation should be performed using the majority voting
method or the ratio method described below. From the
expression level heat map presented in Figure 3 it can
be seen that when majority voting from the results of all
eight genes is used for diagnosis only one normal and
one tumour sample are misclassified, resulting in 96%
sensitivity and 98% specificity in detecting the presence
of prostate cancer in tissue samples.

Independent microarray set validation

The independent analysis of the classification power of
the selected biomarker panel was performed using the
microarray dataset published by Lapointe et al. (2004)
as well as on several other datasets available in the
Oncomine database (Rhodes et al. 2007) (Tables 1 and
3). The dataset provided by Lapointe and co-workers
consists of gene expressions measured using spotted
cDNA microarrays rather than the Affymetrix short
oligonucleotide chips used by Singh and co-workers.
Therefore, exploration of gene expressions based on
the Lapointe dataset (Lapointe et al. 2004) could dem-
onstrate whether highly significant and diagnostic gene
expression changes observed on Singh et al. dataset
(Singh et al. 2002) come from phenotypical changes
rather than technological biases of the Affymetrix plat-
form. The microarray platforms used by Lapointe and
colleagues included only five out of the eight marker
genes in our list (GSTM4, HPN, ITSNI1, LTBP4 and
XBP1). However, the hierarchical clustering (Figure 4)
and the PCA (Figure 5) of the expression level values
for these five biomarkers still showed good separation
between tumour and normal samples. Figure 4 presents
the comparison of the result of hierarchical clustering

Table 2. Biomarker gene set determination using K-CR analysis on published prostate cancer datasets (Belacel 2007).

Name Synonyms UniGene RefSeq Chromosome Expression T/N
Intersectin 1 (SH3 ITSN1,ITSN, SH3DIA, Hs.160324 NM_003024 21q22.1-q22.2 Down
domain protein) SH3P17, MGC134948,

MGC134949
Glutathione GSTM4, GTM4, GSTM4-4, Hs.348387 NM_000850 1p13.3 Down
S-transferase M4 MGC9247, MGC131945
Latent transforming LTBP4 Hs.466766 NM_001042544 19q13.1-q13.2 Down
growth factor beta
binding protein 4
D component of DE CDE ADN, PFED Hs.155597 NM_001928 19p13.3 Down
complement (adipsin)
Nel-like 2 NELL2, NRP2 Hs.505326 NM_006159 12q13.11-q13.12 Down
X-box binding protein 1 XBP1, XBP2, TREB5 Hs.437638 NM_005080 22ql2.122q12 Up
Prostate-specific PSM, FGCP, FOLH, GCP2, Hs.654487 NM_004476 11pl1.2 Up
membrane antigen PSMA, mGCP, GCPII,

NAALADI, NAALAdase
Hepsin (transmembrane HPN, TMPRSS1 Hs.182385 NM_182983 19q11-q13.2 Up

protease, serin 1)
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Figure 3. Heat map showing the gene expression values for the biomarker gene panel set as determined in the work by Singh et al. (2002).

Table 3. p-Values for difference between expression levels for marker genes between cancer and normal prostate samples in several different

studies available in the Oncomine database (Rhodes et al. 2007).

Rhodes Lapointe Luo Dhanasekaran Tomlins Welsh LaTilippe Vanaja Yu Holzbeierlein
Gene 2002 2004 2001 2001 2001 2001 2003 2004 2004
ITSN1 3.5E-10 9.7E-9
GSTM4 3.7E-19 1.7E-7 4.6E-6
LTBP4 3.7E-5 6.4E-6
DF 6.4E-10
NELL2 1.2E-12 4.1E-6 8.8E-5
XBPI* 7.4E-5 1E-4 9.5E-6
FOLHI 1.6E-8 1.6E-6 7.2E-6
HPN 6.1E-25 1.8E-7 2.5E-9 2.1E-8 3.8E-8 5.2E-19

20nly comparison metastatic prostate cancer/prostate carcinoma is available in Oncomine; XBPI overexpressed in prostate carcinomas.

of samples based on the five gene set (Figure 4A), all
genes in the filtered set (Figure 4B), and a subset of five
randomly selected genes (Figure 4C). From the results
of hierarchical clustering it can be seen that when using
the five proposed diagnostic genes, only 7 out of 41
normal samples and 3 out of 62 cancer samples were
misclassified resulting in sensitivity and specificity of
95% and 81%, respectively, in this completely independ-
ent dataset. On the other hand, sample clustering based
on the complete gene dataset as well as the randomly
selected five gene subset did not lead to visible grouping
of samples by their type.

A similar observation was made from PCA analy-
sis (Figure 5). Once again, good separation of samples
based on PCA using the proposed five-gene diagnostic
set was obtained (Figure 5A), while poor separation was
observed using five randomly selected genes (Figure 5B).

As in hierarchical clustering, classification based on the
data for the five proposed marker genes appears to be
wrong for only three to four cancer and seven to eight
normal samples.

The lower sensitivity and specificity obtained in this
independent set relative to the original dataset can be
easily understood considering that here it was only pos-
sible to use five genes from the panel and that spotted
cDNA technology introduces larger noise in measure-
ments. However, it should still be noted that the subset
of five genes from our biomarker panel allows clear
distinction between lymph node metastasis, tumours
and, even more clearly, normal samples. Thus it can be
inferred that in the metastatic cells expression levels of
the marker genes change even further from their normal
cell levels. This observation will be further investigated
in the future.

RIGHTS LI N Kdx



Biomarkers Downloaded from informahealthcare.com by Peking University on 11/15/12
For personal use only.

Multigenebiomarker panel for reference free prostate cancer diagnosis 699

-

P A1 155 e o 5 1) 15 .r.[?' .c.:ﬁh

o e FRA T

_

1l .L.clm...s.a..

i
A
A AT N

Figure 4. The result of hierarchical agglomerative clustering with Ward’s linkage method for Lapointeet al.data(Lapointeet al.2004).Ward'’s linkage
method combines the two clusters which minimizethe increase in total error sum of squares (ESS). The ESS ofa cluster is the sum of squares of
the deviations from the meanvalue. (A) Sample clustering using five of eight biomarker genes. Genes available in Lapointe dataset after filtering
were: GSTM4, HPN, ITSN1, LTBP4 and XBP1I. (B) Sample clustering using all genes in the filtered Lapointe dataset. (C) Sample clustering based
on data for five randomly selected genes using the filtered Lapointe dataset.

The Oncomine analysis of the biomarker genes
showed consistent expression levels difference between
cancer and normal tissues across many different prostate
tissue datasets for all eight genes in the panel (Table 3).
The ten prostate cancer studies included in Oncomine
differed highly in the number of samples, the experimen-
tal protocol and the platform. Thus, the observed large
variation in the actual p-values for biomarker genes was
to be expected (Table 3). However, for all eight marker
genes in all available datasets p-values showed a signifi-
cant difference between gene expression in tumours and
normal samples.

Experimental validation and application method

To validate further the diagnostic utility of the eight-
gene panel derived from microarray dataset analyses,
the expression levels of these biomarkers were tested
using an independent measurement technique, real-time
PCR and an independent set of commercially obtained

patient prostate samples. The relative expression levels
for each of the eight genes were determined for each of
19 tumour, 14 normal and 13 normal/adjacent-to-tumour
samples (the measurements are available from authors
upon request).

In addition to independent, experimental, validation
the goal of real-time PCR analysis was to devise a diag-
nostic method that would be robust to individual gene
changes and that could take full advantage of the pres-
ence of both overexpressed and underexpressed genes
in the proposed diagnostic panel. Using the average
value of the relative expression results for XBP1, PSMA
and HPN (overexpressed genes) divided by the aver-
age value of the relative expression results for GSTM4,
LTBP4, ADIPSIN, NELL2 and ITSN1 (underexpressed
genes) allowed for a direct and simple diagnostic index
calculation. Furthermore, such application of the panel
allowed determination of the index without utilization
of reference genes, i.e’house-keeping’ genes, which are
necessary for absolute calculation of gene expression.
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Figure 5. Principle component analysis of (A)five marker genes available in Lapointe experiments (Lapointeet al.2004) and (B) randomly selected
five genes from the same set. Red symbols, lymph node metastasis; green, tumour; blue, normal prostate tissue.

Finally, averaging over several genes in the panel has
the potential to reduce errors caused by individual vari-
ations in gene expression due to factors other than the
cancer.

Therefore, we would like to propose that real-time
PCR expression results for the eight-gene panel are
employed for prostate cancer diagnosis using the fol-
lowing index:

_ RHPN,RFOLH1,RXBP1
~ RITSN1,RGTM4,RLTBP4, RNELL2

where R is the relative expression ratio calculated using
Equation 1.

From the obtained results it is possible to define an
index for diagnosis as:

d >1-cancer tissue; d <1—normal tissue

The boxplots of values obtained for index d, as deter-
mined using the equation above, for tumour, adjacent-
to-tumour and normal sample groups within the
independent sample set are presented in Figure 6.

From these measurements it can be observed that in
tumours the ratio was always significantly over 1 with an
average value for all tumour samples of about 5. For nor-
mal samples all ratios were below 1 with average value
of approximately 0.5. For adjacent-to-tumour samples
ratios were all over 1 with an average value of around
2. The receiver-operator curve (ROC) analyses for clas-
sification accuracy from ratios for normal versus tumour
(Figure 7A), adjacent-to-tumour versustumour (Figure
7B) and normal versus adjacent-to-tumour (Figure 7C)
are presented in Figure 7.

ROC analysis showed that the sensitivity and spe-
cificity for classification of tumour from normal was over
90% in these independent samples. The area under the

curve (AUC) for the classification of tumour versus nor-
mal was 0.955. The ROC curves for classification of normal
versus adjacent-to-tumour and adjacent-to-tumour vs.
tumour demonstrated that although adjacent-to-tumour
samples could still be distinguished from tumour sam-
ples with an AUC of 0.80, these samples still displayed
very different gene expression from non-cancer normal
samples.

The validity of this index will be further established
in the ongoing preclinical trials (Dr Georges Dumont
Hospital, Moncton, Canada); however its diagnostic
power is quite indicative in these 46 samples tested thus
far. The possibility for application of novel ROC analysis
methods (Li & Fine 2008, Ogdie et al. 2010) including
ROC surface analysis will be explored in the future once
a larger number of samples becomes available.

Properties of genes in the biomarker panel

The network analysis of marker genes presented in
Figure 8 shows a very general overview of all pro-
teins/genes connected to the marker set either as regu-
lators or as being regulated by the genes in the panel
obtained from a detailed literature search. It is clear
from this analysis that the marker genes have only a
small number of co-regulators. Therefore, the expres-
sion levels of the proposed marker genes are unlikely
to be affected by the same processes. Although biologi-
cal variations in the samples can affect individual gene
expression levels, they will not have a common effect on
all marker genes. Therefore, when the selected group of
genes is used as a panel for diagnosis with the method
described above, it should be highly resistant to varia-
tions in individual genes.

The majority of the determined genes have already
been independently analysed for their significance in
cancer development and for their diagnostic power in
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Figure 6. Boxplot of the real-time polymerase chain reaction meas-
urements for normal, adjacent-to-tumour and tumour samples. The
measurements are presented using the d index - ratio of the average
value of all overexpressed relative to average value of all underex-
pressed genes ratio measurements.

prostate cancers. This provides further validation of the
selected marker set. All of the genes in the panel that were
found to be overexpressed in tumours are known to be
highly diagnostic for prostate (hepsin, prostate-specific
membrane antigen and XBP1I) as well as breast cancers
(XBP1). General analysis of literature search (Pathway
Studio 5.0) looking for published connections between
genes in the panel with cancer related processes is shown
in Figure 9.

Hepsin (HPN) is a transmembrane protease which
plays an essential role in cell growth and maintenance
of cell morphology and is proposed as a stimulant of
prostate cancer cell proliferation. There is overwhelming
evidence in the literature of overexpression of hepsin in
prostate cancer. Hepsin has been identified as a major sig-
nificantly differentially expressed gene in all microarray
studies (Nelson 2004) and this result has been independ-
ently observed in several hepsin gene analysis publica-
tions (Pal et al.2006, Magee et al.2001, Landers et al.2005,
Chenet al.2003, Stephen et al.2004). In addition, HPN
protein was determined by Northern blot as well as tissue
microarray analysis to be a significant marker of prostate
cancer, with overexpression in about 90% of the cancer
samples studied (Dhanasekaran et al.2001). Furthermore,
the analyses of single-nucleotide polymorphisms (SNPs)

have shown the association of prostate cancer suscepti-
bility with the 19q locus, with several SNPs at the location
of HPN (Pal et al.2006).

Prostate-specific membrane antigen (PSMA, PSM
or FOLH1), both gene and protein, has also been indi-
cated as prostate cancer marker (Mhawech-Fauceglia
et al.2007, Landers et al.2005). PSMA is a membrane-
bound glycoprotein that functions as a folate hydrolase
with high expression in benign and malignant pros-
tate tissues. The PSMA gene is mapped on the short
arm of chromosome 11. Recently published results
from the PROGRESS study (Johanneson et al.2007)
demonstrated a linkage between hereditary prostate
cancers and chromosome 11p11.2-q12.2, the location
which includes PSMA. This 750-amino acid protein
is expressed in both normal and neoplastic prostate
cells, however during the progression of cancer from
androgen-sensitivity to androgen-independence, the
overall expression of PSMA increases with its appear-
ance in the plasma membrane. In addition, PSMA
expression is known to be inversely correlated with
the degree of prostatic cancer differentiation. A recent
tissue microarray analysis on normal tissues and 3161
benign and malignant tumours (Tanguay 2000) has
shown that sensitivity and specificity of PSMA in dis-
tinguishing prostate adenocarcinoma from any other
type of malignancy is 65.9% and 94.5%, respectively.
Furthermore, the sensitivity and specificity of PSMA in
differentiating prostate cancers from urothelial cancer
is 65.9% and 82.9%, respectively.

The final gene determined as a highly overexpressed
marker in prostate tumours is X-box binding protein
1 (XBPI). XBP1 is a basic leucine zipper (bZIP)-con-
taining transcription factor capable of specific binding
to the endoplasmic reticulum stress response element
I. XBP-1 is known to be associated to the so-called
‘unfolded protein response’ (UPR) (www.ihop-net.
org/UniPub/iHOP). Changes in the endoplasmic
reticulum and UPR can result in changes to secretory
and extracellular proteins as well as steroids and lipid
production and the upregulation of chaperones. mRNA
levels of XBP1 were highly elevated in estrogen recep-
tor (ER)-a-positive breast tumours (Lacroix & Leclerc
2004). Furthermore, Oncomine investigation (Rhodes
et al.2007) of the XBPI sequence resulted in several
corresponding sequences including known oncogenes
Jun, ATF6, Fos, JunB, JunD and Maf. The XBPI gene is
located on chromosome 22q12.1, close to the location
of D225S689 that has been indicated as a potentially
significant genetic marker for hereditary prostate can-
cers together with many other regions of chromosome
22q12.2 and 22q12.3 (Camp et al.2007). Furthermore,
the XBPI gene and corresponding protein have been
shown to have an increased expression in organ-
confined prostate cancers relative to normal prostate
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Figure 7. Receiver-operating characteristic (ROC) plots for the classification accuracy calculation for experimental samples. ROCs were calculated
using the d index values. (A) Classification between normal and tumour samples. The cut-off point represents the classification sensitivity and
specificity of 90%. (B) Classification between adjacent-to-tumour and tumour samples. The cut-off point represents the classification sensitivity and
specificity of 60%. This result shows that adjacent-to-tumour samples are more closely related to normal than tumour samples. (C) Classification
between adjacent-to-tumour and normal samples. Adjacent-to-tumour samples, although altered from completely normal tissues, cannot be

used for diagnosing prostate tumours.

tissues; however XBP1 expression in refractory cancers
has been shown to drop relative to both normal and
cancer prostate tissues (Takahashi et al.2002). Work of
Takahashi et al. (2002) concluded that the expression of
XBP1 has an intimate connection with the differentia-
tion of prostate adenocarcinomas.

In the proposed diagnostic panel, most of the genes
that are underexpressed in prostate tumours have also
been observed as part of larger groups of significantly

underexpressed genes in other studies. LTBP4 is one of
the isoforms of latent transforming growth factor-beta
binding protein (TGF-[3). LTBP proteins are believed to
be structural components of connective tissue microfi-
brils and local regulators of TGF-f3 tissue deposition and
signalling. In mouse experiments it has been shown that
disrupted expression of LTBP4 results in severe pulmo-
nary emphysema, cardiomyopathy and colorectal cancer.
These highly tissue-specific abnormalities are associated
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Figure 8. Regulators of the analysed genes determined from Pathway Studio literature search (Pathway Studio 7.0). Biomarkers overexpressed in
cancer are shown in red and biomarkers underexpressed in cancer are shown in green. Individual regulatory partners are encircled.

with profound defects in the elastic fibre structure and
with a reduced deposition of TGF-f in the extracellular
space. As a consequence, epithelial cells have reduced
levels of phosphorylated Smad2 proteins, overexpress
c-myc, and undergo uncontrolled proliferation. This
phenotype supports the predicted dual role of LTBP4 as
a structural component of the extracellular matrix and as
alocal regulator of TGF-f tissue deposition and signalling
(Sterner-Kock et al.2002), suggesting its possible role in
prostate cancer.

Although there are limited data about the function
and possible significance of adipsin, GSTM4, NELL2 and
ITSNI genes in cancers, once again they are consistently
and significantly underexpressed in several different
microarray experiments comparing prostate tumours and
normal tissues (Rhodes et al.2002). Similarly to the HPN
gene, both LTBP4 and adipsin are located on chromosome
19, with LTBP4 being in the region of known SNPs impor-
tant for prostate cancer progression (Pal et al.2006).

Neural epidermal growth factor-like 2 gene (NELL2)
encodes a cytoplasmic protein that contains epidermal
growth factor (EGF)-like repeats. The encoded heterot-
rimeric protein may be involved in cell growth regula-
tion and differentiation. Although no further analysis

has been performed in terms of significance in prostate
cancer development, the gene expression data for NELL2
consistently shows underexpression in prostate cancers
(Rhodes et al.2002).

Finally, glutathione S-transferase M4 is an enzyme
involved in the detoxification of electrophilic compounds,
including carcinogens, therapeutic drugs, environmental
toxins and products of oxidative stress, by conjugation
with glutathione (www.ihop-net.org/UniPub/iHOP/).
The genes encoding the GSTM4 class of gluthathioneS-
transferase are organized in a gene cluster on chromo-
some 1p13.3 and are known to be highly polymorphic.
These genetic variations can change an individual’s sus-
ceptibility to carcinogens and toxins as well as affect the
toxicity and efficacy of certain drugs. Diversification of
these genes has occurred in regions encoding substrate-
binding domains, as well as in tissue expression patterns,
to accommodate an increasing number of foreign com-
pounds. Although very little work has been published
on the significance of GSTM4 in cancers its function in
detoxification might be indicative of its importance in
carcinogenesis. We hope that the discovery of GSTM4 as
one of the members of the diagnostic panel will initiate
further analysis of its involvement in cancer.
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esses and terms.

In conclusion, high-throughput, i.e. omics meas-
urements, provide a treasure trove of data that can be
explored, among other applications, for biomarker dis-
covery. The selection of a biomarker panel from such
a large number of features can lead to a discovery of
different panels that give a similar level of classification
accuracy in a given data set. It is therefore necessary to
validate, i.e. test, the quality of obtained biomarker panels
against literature information, published gene expression
data and independent experimental measurements. In
this study we discovered and validated a panel of eight
genes that provides highly sensitive and specific diagno-
sis of prostate tumours. The most accurate diagnosis can
be made by using all eight genes in the panel, although
a smaller subset of the selected genes also provides valid
diagnostic information. The inclusion of both over- and
under expressed genes provides an internal reference -
the diagnosis can be made based on the relative change
of expression of over- and underexpressed genes rather
than from the absolute expression values based on some
predetermined standard. The consistency of expres-
sion change across a large number of samples from ten

different microarray gene expression studies was shown
and the sample classification accuracy validated in two
different data subsets consisting in total of 91 normal
and 114 cancer samples. Experimental validation of this
biomarker panel was performed on approximately 50
independent samples using a different method, qPCR, for
measurement of gene expression. Once again the gene
panel showed extremely high specificity and sensitivity
for tumour diagnosis. In the future we will further validate
our biomarker panel in ongoing preclinical trials and in
prostate cells obtained from urine samples. We believe
that this biomarker panel can provide an objective, fast
and inexpensive addition to the pathologists tools for
prostate cancer diagnosis.
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