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Abstract: The progress in the understanding of cancer progression and early detection has been slow and frustrating due to the
complex multifactorial nature and heterogeneity of the cancer syndrome. To date, no effective treatment is available for advanced
cancers, which remain a major cause of morbidity and mortality. Clearly, there is urgent need to unravel novel biomarkers for early
detection.

Most of the functional information of the cancer-associated genes resides in the proteome. The later is an exceptionally
complex biological system involving several proteins that function through posttranslational modifications and dynamic inter-
molecular collisions with partners. These protein complexes can be regulated by signals emanating from cancer cells, their sur-
rounding tissue microenvironment, and/or from the host. Some proteins are secreted and/or cleaved into the extracellular milieu
and may represent valuable serum biomarkers for diagnosis purpose. It is estimated that the cancer proteome may include over 1.5
million proteins as a result of posttranslational processing and modifications. Such complexity clearly highlights the need for
ultra-high resolution proteomic technology for robust quantitative protein measurements and data acquisition. This review is to
update the current research efforts in high-resolution proteomic technology for discovery and monitoring cancer biomarkers.
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CANCER BIOMARKERS: CURRENT STATUS

Despite advances in diagnostic imaging technol-
ogy, surgical management, and therapeutic modalities,
cancer remains a major cause of mortality worldwide.
Currently, it is estimated that cancer kills over 6 mill-
ion people per year worldwide, with over 10 million
new cases being diagnosed every year. Mortality is
mainly attributed to dissemination of primary cancer
to distant organs, on which no effective treatment is
available. The dilemma in oncology practice is the
large number of patients presenting macro- or mi-
cro-metastases at primary diagnosis, and the fact that
in some cases (e.g. breast cancer) metastases are seen
in patients free of metastasis-positive axillary lymph
nodes (Braun et al., 2000).

A small number of clinically approved bio-
markers are available for early diagnosis and/or for
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successful monitoring of treatment and relapses (Ta-
ble 1), so that the contributed significantly to reduced
mortality rates and increased overall survival for
cancers such as prostate cancer (Ludwig and
Weinstein, 2005; Sidransky, 2002). However, most
solid tumors, the absence of selective biomarkers
hampers efforts to improve early detection and
therapeutic management.

In the past years, significant progress in mi-
croarray technology has provided encouraging results
on genetic patterns, or “fingerprints”, that can predict
cancer progression, drug response, and/or help cancer
staging (Hoheisel, 2006; Balmain et al., 2003; van't
Veer et al., 2002; van de Vijver et al., 2002; Staunton
et al., 2001; Ziauddin and Sabatini, 2001). Never-
theless, comparative transcriptional profiling alone is
unlikely to fully identify “the gold standard” bio-
markers that can mirror the cancer phenotype. It is
evident that most of the functional information on the
genes resides in the proteome, which is the sum of
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multiple dynamic processes that include protein
phosphorylation, protein trafficking and localization,
and protein-protein interactions with secondary ef-
fectors (Fig.1). Functional proteomics is potentially
more predictive than genomics. Unlike genomics,
however, acquiring proteomic data faces technical
challenges, particularly with regard to lack of stan-
dardized methodologies, sensitivity and reproduci-
bility, and intra- and inter-individual tumor hetero-
geneity. Nevertheless, these obstacles can be over-
come with the current research efforts to develop
high-resolution proteomic instrumentation for high-
throughput monitoring of protein changes that occur
in cancer (Tyers and Mann, 2003; Hanash, 2003).
The cancer proteome is an exceptionally com-
plex biological sample containing information on
perhaps every biological process that takes place in
cancer cells, cancer tissue microenvironment, and
cancer cell-host interaction. Cancer cells release

protein biomarkers into the extracellular fluid through
secretion of intact or cleaved peptides. In addition,
cancer-associated circulating markers can be con-
tributed by the tumor microenvironment, e.g. sur-
rounding host cells such as fibroblasts and macro-
phages. Some of these products can end up in the
bloodstream and hence serve as potential serum
biomarkers. Therefore, studying the cancer proteome
is the logical starting point for identifying diagnostic
biomarkers and therapeutic targets for cancer. Al-
ready, several putative cancer biomarkers with po-
tential clinical applications have been reported using
proteomic technology (Table 2), and with the current
trend many others are expected to come on board.
This will result in a heavy load for biologists, phar-
macologists, and oncologists for biomarker validation
and translation into clinical applications.

This review will discuss the strengths of pro-
teomic technology for high-resolution and high-
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Fig.1 Illustration of the information flow from genotype to phenotype. The framework for the regulatory
network would encompass knowledge from gene sequence to protein sequence, to posttranslational modi-
fications, to protein cellular and sub-cellular distribution and trafficking, and the protein-protein interac-

tion pattern

Table 1 Common serum cancer markers used in primary care

Biomarker Cancer type Specificity Example of non-cancer pathology Primary clinical use

a-fetoprotein Hepatocellular, non-semino- Moderate Prostatitis Staging
matous testicular

Human chrionic  Testicular, ovarian Low Pregnancy Staging

gonadotropin-f3
CA15-3 Breast Poor Cirrhosis, benign diseases of Disease monitoring
ovaries and breast

CA19-9 Gastro, pancreatic, stomach Poor Gastritis Disease monitoring

CAI125 Ovarian, cervical, uterine, Moderate Pancreatitis, kidney or liver Disease monitoring
fallopian tube disease

CA27-29 Breast Disease monitoring

CEA Colorectal, pancreas, lung, Low Non-malignant disorders Disease monitoring

breast, medullary thyroid

Epidermal growth Colon, non-small cell lung Low
factor receptor cancer

Her2/Neu Breast, ovarian Moderate

PSA Prostate High

Thyroglobulin Thyroid Poor

Non malignant disorders, such as Selection of therapy
benign prostatic hyperplasia
Benign breast disease Disease monitoring;
selection of therapy
Screening;
disease monitoring

Disease monitoring

Benign prostatic hyperplasia

Grave’s disease thyroiditis

CA: Cancer antigen; CEA: Carcinoembryonic antigen; PSA: Prostate-specific antigen
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Table 2 Examples of putative cancer biomarkers identified by mass spectrometry as potentially useful for diagnosis

Biomarker

Cancer type

References

Apolipoprotein Al

Heptaglobin a-subunit
Transthyretin fragment Ovarian
Inter-alpha-trypsin inhibitor fragment
Vitamin D-binding protein Prostate, breast

Serum amyloid A

ol-antitrypsin and al-antichymotrypsin Pancreatic

Osteopontin

Ovarian, pancreatic
Ovarian, pancreatic, lung

Ovarian, pancreatic

Nasopharyngeal,
pancreatic, ovarian

Ovarian, prostate

Zhang et al., 2004; Kozak et al., 2005
Ye et al., 2003

Kozak et al., 2005

Zhang et al., 2004

Corder et al., 1993; Pawlik et al., 2006

Orchekowski et al., 2005; Moshkovskii et al.,
2005

Orchekowski et al., 2005; Yu et al., 2005
Khodavirdi et al., 2006

throughput identification of cancer biomarkers with
special emphasis given to clinical applications. For
technical aspects related to instrumentation we refer
the reader to several review articles that provide an
exhaustive description of proteomic technology (Li-
otta and Petricoin, 2006; Conrads et al., 2005; Jessani
etal.,2005; Wu et al., 2003; Celis and Gromov, 2003;
Wulfkuhle et al., 2003; Phizicky et al., 2003; Ae-
bersold and Mann, 2003; Petricoin et al., 2002a;
Bichsel et al., 2001).

FISHING FOR “GOLD STANDARD” CANCER
BIOMARKERS: GREAT EXPECTATION FROM
NEW DEVELOPMENTS IN PROTEOMIC
TECHNOLOGY

It is estimated that the 45000 human genes gen-
erate approximately 250000 spliced variants of RNA,
which are translated into over 1.5 million proteins as a
result of posttranslational processing and modifica-
tions (Ozier et al., 2003). Such complexity clearly
highlights the need for assembling the protein circuits
that operate in cancer cells and their surrounding
microenvironment to achieve meaningful clinical
prediction of the disease. Assuming that the proteome
is the global representative of all biological processes
that take place in cancer cells, then the discovery of
specific biomarkers in the midst of such biological
complexity would seem difficult in the absence of
ultra-high resolution analytical techniques for quan-
titative measurement of tens to hundreds of thousands
of components, and robust data acquisition and
analysis techniques to efficiently and reliably process
these large datasets.

Current progress in proteomics has been largely

due to recent developments in mass spectrometry
(MS)-based technologies (Aebersold and Goodlett,
2001). Particularly, new techniques for the ionization
of proteins and peptides, such as matrix-assisted laser
desorption-ionization (MALDI) and electrospray
ionization (ESI) combined with time-of-flight (TOF),
as well as new hybrid mass spectrometers, are now
becoming the tools of choice for protein characteri-
zation. These advances have been highly recognized
by the scientific community to include two mass
spectrometrists, Drs. John B. Fenn and Koichi Tanaka
as co-recipients (with the developer of NMR Dr. Kurt
Wiithrich) recipient of the 2002 Nobel Prize for
chemistry. These techniques have also been accom-
panied, although with a significant lag, by dramatic
improvements in bioinformatic tools for analysis of
complex datasets. In addition, powerful multi-di-
mensional chromatographic and sample labelling
techniques have been developed to further benefit
from the improvements in mass spectrometry
(Kachman et al., 2002; Wolters et al., 2001;
McCormack et al., 1997).

The standard proteomic approach for biomarker
research consists of isolation of cell proteins from
clinical specimens (tissue or biological fluids such as
serum, ascites, saliva, etc.), digestion with proteases
such as trypsin, and separation of the resulting mix-
ture by two-dimensional (2D) electrophoresis or lig-
uid chromatography (LC). The desired spots (2D) or
protein fractions (LC) are isolated, digested, and
peptides are separated by LC and depending on the
sample complexity, the low-molecular weight frac-
tions may be further fractionated by ion-exchange
chromatography. The peptides are then subjected to
electrospray or MALDI mass spectrometry (MS) or
MS/MS analysis for qualitative and quantitative
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comparisons. The mass spectrometer measures the
mass to charge ratio of the components and, if re-
quired, can then perform more detailed experiments
to identify the components. In the case of peptides,
one obtains a partial sequence that is usually suffi-
cient for identification of the peptide or parent protein
from which the peptide was derived. Therefore, for
each sample, one can obtain a three dimensional
dataset (retention time, mass to charge ratio (m/z) and
intensity).

Each of these technical approaches has advan-
tages and limitations. For example, 2D gel electro-
phoresis suffers from low sensitivity, low dynamic
range (10%), difficulty in resolving proteins with ex-
treme masses or isoelectric points, and the inability to
resolve proteins with low solubility (Ong and Mann,
2005; Hanash, 2001). Some improvements were ob-
tained when 2D methods are combined with pre-
fractionation chromatography techniques (Righetti et
al., 2003). The introduction of differential gel elec-
trophoresis (DIGE) has provided improvement over
standard 2D. DIGE involves tagging the two com-
parison protein solutions with different fluorescent
dyes (Cy2, Cy3 or Cy5), then mixing the solutions
and running them on the same gel. Computer software
(DeCyder) allows comparison of these protein mix-
tures and, by using a pooled standard labelled with the
third dye, the software can reliably compare quanti-
tative differences in protein levels across multiple
gels (Lilley and Friedman, 2004). However, this
methods still suffers some of the disadvantages seen
in 2D gel electrophoresis, in particular limited sensi-
tivity and resolution to detect low molecular weight
proteins (Chakravarti et al., 2004). In contrast, mul-
tidimensional protein identification technology
(MudPIT) is more widely used as a sensitive method
(Bayer et al., 2006; Chen et al., 2006; Guzzetta and
Chien et al., 2005; Durr et al., 2004). In MudPIT a
complex protein mixture is digested with a specific
protease (most commonly trypsin). The peptide
fragments then undergo two-dimensional liquid
chromatography, which separates the peptides ini-
tially by charge, then by hydrophobicity to allow
adequate separation of peptides. The column elutes
into an electrospray mass spectroscopy unit that
identifies peptides as they elute, one by one, based on
their tandem mass spectroscopy spectrum. Databases
of peptides can then be searched to identify the pro-

teins based on the mass spectra of the peptides. This
technique has exquisite sensitivity, reported to be in
the femtomolar (10™"°) range, with a dynamic range
of 10000 to 1, and is reproducible to within 0.5%
(Wang et al., 2005). One of the major weaknesses of
MudPIT is in identifying quantitative differences in
protein expression across protein mixtures (Washburn
et al., 2003). To overcome this limitation, alternative
variants have been developed. For example, one
sample is labelled differently from another and the
two samples are mixed prior to analysis; through mass
spectroscopy it becomes feasible to detect small dif-
ferences in protein concentrations. The two options
are in vivo labelling (using N'° isotope) (Blagoev et
al., 2004) or in vitro labelling using techniques such
as ICAT (Ramus et al., 2006; Schrimpf et al., 2005;
Kaji et al., 2003), MCAT (Cagney and Emili, 2002),
or iTRAQ (Wu et al., 2006; Shadforth et al., 2005).
The latter is particularly interesting and uses trypsin
digestion, iTRAQ labelling, and automated in-line
two-dimensional column chromatography and tan-
dem mass spectroscopy. In the case of iTRAQ, the
trypsin-digested samples are labelled with different
iTRAQ reagents to allow detection of relative quan-
titative differences between samples. The sample
passes through a nano-column packed with a strong
cation exchange resin and a reverse phase resin,
which sequentially separates peptides based on
charge and hydrophobicity. The elution passes di-
rectly into an electrospray mass spectroscopy (Q
TRAP MS/MS) unit, where the individual peptides
are initially characterized by their mass to charge ratio.
The peptides are then hit with a high velocity inert gas
causing them to further fragment in a predictable
pattern. By comparing the counts of peptides labelled
with each iTRAQ reagent, one can be able to detect
quantitative differences. Peptides with the greatest
quantitative differences can be identified by searching
databases of known peptide mass spectra.

Examples of exciting advances in biomarker
discovery include the use of SELDI (surface en-
hanced laser desorption) mass spectroscopy to search
for cancer biomarkers (Ricolleau et al., 2006; Hen-
derson and Steele, 2005). In these studies, protein
profiles were compared between healthy individuals
and patients with advanced cancer and to those with
benign disease. Statistical algorithms were used to
identify a set of peaks with the greatest sensitivity and
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specificity for disease, with reports on sensitivity
approaching 100% and specificity of 95% for ovarian
cancer (Conrads et al., 2005). Another interesting
study was aimed at discovering novel biomarkers for
the early detection and classification of ovarian can-
cer by SELDI-TOF mass spectrometry in 2002 (Pet-
ricoin ef al., 2002b). This seminal research, which is
both an excellent example of the potential benefits
and pitfalls of biomarker research, rapidly became the
subject of an act of Congress in the United States, the
basis for a commercially available diagnostic test
(Correlogic Inc.) and the topic of vigorous debate in
the scientific community. Early criticism of the re-
search was directed at both the egregious errors in
statistical analysis and the lack of details regarding
these biomarkers, specifically their identity. While
the statistical errors have been corrected, the lack of
identity of the putative biomarkers remains unad-
dressed. However, in a recent study the authors ex-
panded their analysis to include the use of higher
resolution Qg-TOF mass spectrometry in place of
SELDI-TOF mass spectrometry, resulting in a dra-
matic increase in performance (100% sensitivity and
specificity). Yet, the identity of the biomarkers re-
mains unknown. The technique has also been used to
study pancreatic cancer, prostate cancer, and recently
head and neck cancer (Menard ef al., 2006; Kozak et
al., 2005; Clarke et al., 2005; Nishizuka et al., 2003;
Paweletz et al., 2001). This technique has some re-
ported disadvantages, including protein concentra-
tions responsible for the ‘peaks’ in SELDI that are in
the pg/ml range, much higher than known biomarkers
such as PSA (prostate specific antigen).

New development for detailed analysis of the
proteome can be achieved by using high resolution
analytical techniques such as LC-FTICR-MS fol-
lowed by LC-Qq-TOF-MS/MS. RPLC-FTICR-MS
provides resolving power (the ability to distinguish
biomolecules that are very close in mass) that is
roughly 100 times higher than SELDI-TOF-MS and
20 times higher than Qg-TOF-MS. RPLC has a peak
capacity of roughly 50. Therefore, one can calculate
that this analytical procedure will be able to charac-
terize a theoretical maximum of ~9 million individual
components (20 ion exchange fractionsx50 fractions
by RPLC%9000 measurements per fraction by FTICR
MS) (Ebanks et al., 2005; 2006; Melanson et al.,
2006). In practice the number of components meas-

ured is much lower the theoretical maximum; the
sample components do not conveniently distribute
themselves evenly in the various fractions and the
high-abundance peptides can suppress signals from
the low-abundance peptides through ion-suppression.
A reasonable estimate is 600 peaks in each FTICR
MS spectrum, which would result in 600000 com-
ponents measured (Masselon et al., 2005; Shen et al.,
2005; Nemeth-Cawley et al., 2003).

In contrast, the LC-Qq-TOF-MS techniques can
provide approximately the same number of potential
data points (4000) for every chromatographic peak
(LC typically provides>30 peaks). Therefore, the
LC-Qq-TOF-MS technique can theoretically measure
120000 components. In similar fashion, LC-FTICR-
MS provides very high resolution in terms of mass
measurements resulting in a theoretical data density
of >10° components per sample. In practice, samples
do not typically contain such a large number of
components; however, it is not unusual for complex
proteomic samples to exceed 10° components.
Therefore, techniques that can handle high sample
complexity are logically preferable over low-density
analytical techniques.

DATA ANALYSIS

Following the development of a suitable ana-
lytical platform for sample analysis, a rigorous
evaluation of analytical reproducibility is essential to
fully characterize the analytical variability. Although
the analytical variability is likely to be small relative
to biological variability, its assessment is necessary to
avoid the inclusion of artifacts arising from variations
in analytical processing in the list of putative bio-
markers (Boguski and Mclntosh, 2003).

One of the most widely used data analysis tech-
nique is principal component analysis (PCA) tries to
describe the variation between classes of samples (e.g.
diseased vs controls) by quantitatively comparing
data in a pair-wise manner. The advantage of this
technique is that one can process high dimensionality
datasets and reduce the data to a few principal com-
ponents.

In principle, a subset of standard peptides can be
added to a sample prior to sample preparation and
analysis to assess the variability of preparative,
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chromatographic and mass spectrometric steps. These
errors can be characterized by calculating the meas-
urement error covariance matrix from replicate
preparations and injections. Errors arising from
variations in sample processing can be quantified by
the addition of known amounts of internal standards
(molecules with known chromatographic and mass
spectral properties and which cover the expected
range of biomarkers sought) at various points in the
sample preparation and sample analysis steps. Spe-
cifically, internal standards can be added to the sam-
ples to correct for: (1) variations in fractionation of
the raw plasma prior to LC-MS analysis, (2) correc-
tion of chromatographic variations (retention time
shifts, injection volume variations), and (3) correction
of mass spectrometry variations (drift in mass cali-
bration and ionization efficiency).

Following the establishment of normalization
methods, it will be necessary to subject the raw
(normalized) data to a data reduction step. This is
required for several reasons. First, the huge volume of
LC-MS data makes direct analysis of the data com-
putationally impractical. Perhaps more importantly,
however, registration in the temporal and
mass-spectral domains is not consistent, i.e. the
mass-chromatograms do not overlay one another
perfectly due to experimental variations. Data reduc-
tion will therefore be accomplished through a pre-
liminary feature reduction based on the fact that many
peaks are close to background noise or can be as-
signed to known contaminants (solvents, buffers,
detergents, etc.). Using representative test and control
samples, selected chromatographic peaks can be used
to establish thresholds values below which mass
spectral peaks can be ignored.

Although tedious, the sheer size (up to 10° data
points per second) and complexity of the data requires
the establishment of detailed data processing proce-
dures. In addition, peptides give rise to several peaks
in high-resolution mass spectrometry. Therefore,
without knowledge of isotopic patterns of radio-
labelled peptides, automated peak-finding algorithms
could assign an isotope artifact as a unique feature
that is only found in cancer. These potential artifacts
are especially problematic for low-level components
whose signals are near the instrument’s detection
limit. This situation is crucial since these low-level
components are the most likely source of biomarkers

for early detection. Therefore, intelligent algorithms
for peak finding and data reduction are needed that
will avoid the introduction of artifacts yet be sensitive
enough to detect components in low amounts.

The next stage of the data analysis is to charac-
terize the biological variability of the selected fea-
tures within the test and control groups by analyzing
multiple samples within each group. This can be ac-
complished through the use of error covariance and
correlation matrices. Not only will this allow the
variance of individual LC-MS features to be assessed,
but the relationships among features (their covariance)
can be examined. This characterization is important
for excluding normal biological variation from the
features that distinguish the test and control samples.

VALIDATION OF THE BIOMARKERS

The end result of proteomic analysis is to have
appropriate validation before the marker can reach
clinical applications. Once a putative biomarker has
been identified, validation using additional meas-
urements and compound identification is necessary
(Hammond and Taube, 2002; Anderson and Ander-
son, 2002). For example, one can repeat the analysis
at additional time points and determine the temporal
correlation of putative biomarkers with the progres-
sion of the disease. Determining the timing of the
appearance of a biomarker has been shown to be
important in assessing a biomarker’s prognostic util-
ity. For example, ovarian cancer is accompanied by
elevated serum osteopontin levels (Bast et al., 2005),
though its diagnostic utility is inferior to CA125 (the
only currently validated biomarker for ovarian cancer)
as a biomarker for postoperative monitoring. How-
ever, serum osteopontin was shown to rise earlier than
CA125 in patients suffering from recurrent ovarian
cancer. This fact illustrates the utility of simultaneous
measurement of multiple biomarkers.

Critical issues that need to be addressed for the
validation studies include the specificity and repro-
ducibility of the marker. In the case of cancer tissues
and biological fluids, this is further complicated by
intra- and inter-cell heterogeneity. The use of tumor
tissues or needle biopsies may be problematic be-
cause multiple and representative tissue sampling is
not always feasible, e.g. tumors in non-accessible
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sites. Furthermore, protein profiling can differ be-
tween a given area of the tumor mass. To address
these problems, a proteomic study by Celis et
al.(2002) on the most prevalent transitional cell car-
cinoma of the bladder has combined proteomics and
immunohistochemistry with clinical data gathered
over a 5-year period and correlated the protein data-
base to cancer cell heterogeneity within normal
urothelium with recurrence. The study reported that
tumor lesions displaying phenotypic alterations in the
basal, proliferative compartment of the urothelium
have the highest incidence of recurrence.

More exciting methods are being developed that
can compare proteins present in easily accessible
biological fluids from patients, which are predictive
of disease progression and/or therapeutic response.
This approach has been reported for body fluids in-
cluding serum (Petricoin et al., 2004; Pusztai and
Gianni, 2004; Bachelot ef al., 2003). However, most
current published studies are very preliminary and
were conducted in a very small number of samples
with no specific marker being carefully validated. As
with genomics, proteomic technology is still evolving
to improve its predictive value (Knezevic et al.,
2001).

CONCLUSION AND PERSPECTIVES

Current clinical and pathological markers poorly
predict early disease development and response to
treatment. Standard diagnostic methods, including
tissue histopathology are now shifting rapidly toward
molecular diagnosis due to the rapid progress in pro-
teomic instrumentation. This powerful technology
can identify all proteins and their posttranslational
modifications in disease conditions, and hence will
greatly accelerate progress toward novel diagnostic
and predictive tools to track early disease and tailor
treatments to specific patients.
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