
Abstract. Proteomics, the science of globally detecting
proteins in cells, tissues or organisms under defined conditions,
has greatly benefited from recent developments in mass
spectrometry (MS). It is now possible to detect hundreds to
thousands of proteins with high confidence in a single
experiment. In this review, the basic MS technologies, currently
used by laboratories around the world to identify proteins in
complex biological samples, are summarized. Further, a short
overview of useful separation strategies to minimize the initial
complexity of biological samples, and the multitude of
bioinformatics tools essential to manage large-scale proteomics
data to obtain meaningful biological insight, is provided.
Finally, recent advances in three main areas of medical
proteomics are summarized: proteomics in cancer research,
proteomics of the heart and proteomics in diabetes research.

Proteome research has become a main stream research
discipline over the last couple of years (1, 2). This is mainly
due to the recent completion of the genomic sequences of

several important organisms, providing proteome
researchers with extensive protein sequence databases
necessary for large-scale protein identifications (3-7).
Likewise, significant advances in mass spectrometry over the
past decade now make it possible to systematically identify
thousands of proteins in even the most complex samples
(Figure 1).

In this review, a systematic overview of commonly used
mass spectrometers, sample separation methodologies and
data mining strategies, currently used in modern proteomics
laboratories is provided. Then, attention is focused on mass
spectrometry-based proteomics in medical research,
covering areas such as cancer proteomics, heart disease and
diabetes.

Mass Spectrometry in Proteome Research

Mass spectrometry (MS) has long been used in analytical
chemistry for the structural analysis of low molecular
weight, volatile molecules. Although, not until the
introduction of mild ionization technologies, such as
electrospray ionization (ESI) (8) and matrix-assisted laser
desorption/ionization (MALDI) (9) in the late 80’s did MS
enter into proteome research. These ionization technologies
allow for a relatively mild ionization of large, intact
biomolecules such as proteins, peptides, lipids and complex
carbohydrates. The invention of these methodologies,
greatly beneficial to modern proteomics, has been
recognized with the 2002 Nobel Prize in Chemistry.

Matrix-assisted laser desorption/ionization time-of-flight mass
spectrometry (MALDI-TOF-MS)
In MALDI-TOF-MS protein or peptide samples are mixed
in acidic solution with an excess of matrix (1:1000) and
crystallized on a steel target. The matrix solution consists,
in general, of an energy absorbing aromatic molecule, such
as ·-cyano-4-hydroxybenzoic acid. Ions are generated by
pulsing the sample/matrix co-crystal with a nitrogen laser,
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resulting in ionization of the sample and matrix molecules.
A high potential electric field is used to accelerate the
generated ions into the mass spectrometer. Traditionally,
MALDI-TOF-MS-based proteomics experiments have been
coupled to electrophoretic separation of proteins (see below)
followed by in-gel digest of selected protein bands. The
generated peptides are then analyzed by MALDI-TOF-MS
to generate a "peptide fingerprint". In the case of highly
purified proteins, especially for organisms such as yeast, this
methodology has been used to great effect (10). Although,
in the case of more complex samples or higher organisms,
such as mouse or human, unambiguous protein
identification is rarely the case. Nevertheless, the recent
commercial introduction of MALDI-TOF/TOF-MS, capable
of recording tandem mass spectra, has overcome some of
these earlier limitations, especially if coupled to
chromatographic separations (LC MALDI-TOF/TOF-MS).
In clinical diagnostics, SELDI-TOF-MS (Surface-enhanced
laser desorption/ionization time-of-flight mass spectrometry)
has recently made its entry. SELDI-TOF-MS is basically a

variation of a MALDI-TOF-MS with the difference that the
target plate is coated with chromatography resins (e.g., ion-
exchange, hydrophobic, metal ion binding, etc.). Although
this technology offers high expectations in clinical
diagnostics and biomarker discovery, unambiguous protein
identification based on molecular weight alone cannot be
achieved. For more detailed information on MALDI-TOF-
MS, readers are encouraged to consult recently published
reviews or specialized book chapters (11-17).

Electrospray ionization mass spectrometry (ESI-MS)
In ESI-MS, ions are formed as a fine spray of charged
droplets at the tip of a fine needle in the presence of a strong
electric field (2-5 kV). Quick evaporation of the solvent
molecules results in the formation of gas phase ions, which
are transferred on-line into the MS. As ions are formed
directly from solution (in general acidic), ESI could be easily
coupled to high-resolution separation technologies such as
liquid chromatography (LC) or capillary electrophoresis
(CE), making it an ideal methodology for the separation of
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Figure 1. Increasing layers of complexity in large-scale "omics" research. An increasing complexity from the DNA sequence to the number of expressed
genes (mRNA), the number of expressed proteins, to the complete set of metabolites present is observed in large-scale biology.



complex peptide samples. Particularly, the development of
micro- and nano-electrospray ionization dramatically
increased the sensitivity of peptide identifications in LC-MS-
based proteomics. The basic advantage of nanospray ESI-MS
is the reduction of the solvent flow rates to nanoliter per
minute scales in narrow (~50-150 Ìm inner diameter)
columns (see below for LC-MS) (Figure 2). The generated
peptide ions are transferred into the MS and the mass over
charge ratios (m/z) are systematically recorded up to a mass
limit of approximately 2000 mass units. Individual ions are
selectively isolated and fragmented (in general through
collision with an inert gas molecule such as helium) in a
process called collision-induced dissociation (CID). The
result is a tandem mass spectrum (MS/MS-spectrum) which is
distinct to the amino acid sequence of the fragmented
peptide ion. The most commonly used mass spectrometers
for ESI-MS, are the quadrupole-TOF and ion-trap
instruments, which allow for the fast and reliable detection of
several thousand MS/MS spectra in a single experiment.
More recently, new mass analyzers, such as the Fourier
transform ion cyclotron mass spectrometers (FT-ICR-MS) or
the Orbitrap mass spectrometers, have been commercially
introduced. These mass spectrometers provide a significantly
improved mass accuracy (~1 ppm) and resolution, and
should be particularly beneficial for specific applications in
proteome research (e.g. mapping of posttranslational protein
modifications). A considerable drawback of these mass
spectrometers is their high initial and maintenance costs,
clearly limiting these machines to more established or
specialized investigators. Readers of this review are
encouraged to consult the numerous excellent reviews and
book chapters on the basics and principles of ESI-MS,
tandem mass spectrometry and the variety of different mass
spectrometers (ion-traps, FT-ICR-MS etc.) (1, 2, 14, 16).

Liquid chromatography mass spectrometry (LC-MS)
As mentioned above, in ESI-MS peptide ions are formed
directly from solution, conveniently allowing for direct
coupling to high-resolution separation technologies. In
modern proteomics laboratories, narrow glass capillaries
(inner diameters 50-150 Ìm) are used as chromatography
columns, which are pulled to fine tips (diameter of ~5 Ìm),
with laser pullers. The columns are custom-packed with a
wide array of chromatography resins (e.g., reverse phase RP-
18 or ion exchange resins) using pressure vessels. Columns
are placed in line with an HPLC pump and the peptide
mixtures are separated and directly eluted into the MS with
a solvent follow rate of several hundred nanoliters per
minute (14). The mass spectrometer records the m/z of the
peptides as they elute from the column over time.
Importantly, the MS cycles between a MS-scan, simply
recording m/z values of eluting peptides, and consecutive
MS/MS-scans, in a data-dependent manner. Briefly, the most
abundant peaks in each MS-scan are automatically isolated
and fragmented by CID, resulting in sequence-dependent
tandem mass spectra. Modern mass spectrometers, such as
the popular linear ion-trap, are capable of recording several
thousand MS/MS spectra in a single one-hour experiment.
An inherent problem of LC-MS-based proteomics, especially
in higher eukaryotic organisms, is the overwhelming
complexity of the proteome, making it impossible to identify
every protein expressed in a given sample (18, 19). To tackle
this problem, several strategies have been applied in the
literature to increase the number of identified proteins.

Multidimensional protein identification technology – MudPIT
A very powerful and convenient method to improve the
detection coverage was published by Yates and colleagues
in 2001, termed multidimensional protein identifications
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Figure 2. Basic principle of LC-MS-based proteomics. Microcapillary columns are packed with a chromatography resin. Peptide samples are loaded
onto the column and separated by solvent gradients. A high voltage is applied directly to the mobile phase and peptides are ionized and transferred
directly into the mass spectrometer as they elute from the tip of the column.



technology (MudPIT) (20, 21). Basically, microcapillary
columns are packed with two orthogonal chromatography
resins, a reverse phase 18 resin (RP-18) and a strong cation
exchange resin. Complex protein samples are then
enzymatically digested with endoproteinase Lys-C and
trypsin to very complex peptide mixtures. A multi-step
sequence is used to separate and elute peptides directly into
the MS. Briefly, a sequence consists of 5 or more
independent chromatography steps which start with a "salt
bump" of ammonium acetate to move a subset of the
peptides from the ion exchange resin onto the RP-18 resin,
followed by separation of these peptides by a conventional
water-acetonitrile gradient. In the next step, the
concentration of the "salt bump" is increased to move
another set of peptides from the ion exchange resin onto the
RP-18 resin (22, 23). The MudPIT technology has been
used to great success in the literature and routinely
identifies up to a thousand proteins in a single run (20, 21,
24-27). However, even high-resolution separation methods
like MudPIT are not able to detect every eluting peptide in
a complex mammalian protein extract (random sampling
effect) (19). This fact can be partially overcome by analyzing
a sample multiple times until a certain saturation of
detection is achieved (18, 19, 28).

Alternative separation strategies
A multitude of protein and peptide separation technologies
exists in analytical biochemistry, and several have been
successfully applied to proteomics. Basically, all separation
strategies aim at reducing the initial sample complexity to
increase the number of detected proteins (detection
coverage) or the biological information obtained from the
experiment.

a) Organelle fractionation. Eukaryotic cells are segregated
and composed into multiple organelles which perform
dedicated functions within the cell. Isolation of organelles
from eukaryotic cells or tissues by biochemical methods,
such as ultracentrifugation in density gradients, has several
advantages (29). First, the sample complexity of the protein
extract is minimized as compared to the whole tissue
extract. Second, potential biological information for
unannotated proteins is obtained based on the subcellular
localization. For example, an unannotated protein
specifically detected in the nucleus most probably has a
function related to this organelle. Several high impact
papers have been published in recent years combining this
strategy with mass spectrometry-based proteomics (25, 27,
28, 30-32).

b) Chromatographic fractionations. Besides the described
on-line fractionations (e.g., MudPIT), proteins or peptides
can also be fractionated off-line. For example, intact
proteins from a cell or tissue extract can be fractionated by
ion-exchange chromatography, gel filtration, or other

established chromatographic separations (33-37). Peaks are
automatically collected and prepared for individual LC-MS
runs. Although more tedious than a MudPIT, off-line
chromatographic separations in general produce better
chromatographic resolutions. In our opinion, off-line
separations provide an excellent opportunity to reduce the
sample complexity of mammalian protein extracts and
further increase the number of detected proteins.

c) Gel-based separations. Gel electrophoresis has
traditionally been a successful methodology for the
separation of complex protein mixtures. Proteins are either
separated by one-dimensional gel electrophoresis (1-DE),
separating proteins based on their molecular weight or, if a
higher resolution is desired, by two-dimensional gel
electrophoresis (2-DE) (38, 39). In 2-DE, proteins are first
separated based on their isoelectric point and, in the second
dimension, based on their molecular weight. In either case,
individual spots or bands of interest are excised, digested
and analyzed by LC-MS.

Protein identification and validation
Independent of the mass spectrometer used or the separation
strategy applied, the goal of large-scale proteomics is the
identification of all proteins present in a given sample.
Traditionally, protein identifications were achieved by
manually assigning a peptide sequence to every recorded
tandem mass spectra (de novo sequencing) (40, 41). Although,
successfully applied for the identification of individual
proteins, this method is highly dependent on the spectral
quality and the expertise of the investigator. Importantly,
modern proteomics projects can easily generate several
hundred thousand MS/MS spectra, clearly limiting the use of
de novo sequencing efforts. Luckily, several powerful
algorithms exist to automatically correlate the recorded
MS/MS spectra to extensive protein sequence databases. The
two most common search algorithms used in proteomics
laboratories are SEQUEST (42) and MASCOT (43).
Basically, both algorithms correlate the peptide peaks from an
experimentally recorded tandem mass spectrum with protein
sequences in public databases. These algorithms assign several
specific scores reflecting parameters such as spectral quality,
difference between best hit and second best hit etc. for every
putative peptide spectra (44, 45). These algorithms work
exceptionally well to identify proteins present in a sample.
Nevertheless, in large-scale proteomics experiments a large
number of assigned spectra possess marginal to low scores,
and caution should be taken to minimize the number of false-
positive identifications. Several strategies have been proposed
in recent years to objectively filter initial search results and
minimize false-positive identifications without being too
stringent against less abundant proteins (25, 46-50). Basically,
these algorithms assign a statistical significance or probability
score to every search result, allowing investigators to
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objectively filter their results. This should be of great interest
to every proteomics research group, especially if time-
consuming and expensive back-up experiments are planned
based on the initial proteomics screen. As a rule of thumb, the
following simple rules are suggested to ensure high quality
search results:
1. Only accept high scoring peptide identifications, optimally

with a defined probability score.
2. Identifications based on a single peptide should be treated

with caution (although one might be biased against low
abundance and small proteins).

3. Perform searches against a protein database supplemented
with a "decoy" database. The decoy database consists of
every protein sequence in its inverted amino acid sequence.
Matches against these "reverse proteins" can be considered
false-positive. The search results can easily be filtered to
achieve an acceptable false-positive rate (25, 46).

Bioinformatics
Global proteomics projects generate several thousand high
confidence protein identifications providing a significant
challenge for data management, data mining and visualization
efforts. As our understanding of biology becomes ever more
complicated, we have reached a point in time where the actual
management of data is a major stumbling block to the
interpretation of results from modern proteomics platforms.
However, there are several useful and proven data analysis
and data mining strategies currently in use in modern
genomics and proteomics laboratories. 

Data mining. In general, large-scale proteomics or genomics
projects contain several different sample conditions, for
example healthy samples and matching disease samples, or
different developmental time-points. The aim is to globally
detect differences in these sample pools, and to gain insights
into the underlying biological mechanisms.

The process of finding useful patterns in data can be
described in many ways, with terms such as data mining,
knowledge extraction, information discovery, information
harvesting, data archaeology, and data pattern processing
widely used (51). Data clustering can be defined as the global
sorting of related proteomics data based on identified proteins
and/or analyzed samples using diverse mathematical algorithms
(52). It should be considered as a simple, first pass for the
identification of intrinsic patterns within the analyzed data.
Clustering is especially useful if a large dataset with many
different samples or sample conditions is analyzed (53). Several
software packages are freely available from the web. One of
the most commonly used cluster programs is Cluster 3.0, which
was developed by Hoon and colleagues, and will easily tackle
most user requests (http://bonsai.ims.u-tokyo.ac.jp/~mdehoon/
software/cluster/index.html) (54). The clustered data can then
be graphically viewed in heat map format using TreeView
(http://jtreeview.souceforgenet.net). TreeView is highly

interactive, allowing users to filter and manipulate the
clustered data to their individual liking. Importantly, selected
clusters can be exported as text files for further analysis. An
alternative approach to data analysis and visualization is
presented in Figures 3 and 4, using a pseudo-color correlation
matrix, and a binary tree-structured vector quantization
(http://www.cs.toronto.edu/~juris/btsvq/ downloads.html) and
self-organizing maps (55, 56). Further, once one has
clinically-meaningful protein signatures decision-support
systems may be applied to aid in sample classification, i.e.,
class prediction (57, 58).

Data annotation. Protein annotation can be referred as the
known or the predicted function of a protein within a cell,
tissue or organism. Several web portals or software programs
are available for the systematic annotation of proteins
identified in large-scale proteomics projects.

The Gene Ontology Consortium. The Gene Ontology
Consortium (GO) (http://www.geneontology.org) is a systematic
effort to globally annotate proteins in most common organisms
and model systems (59, 60). The GO database is designed in
a tree-like structure with three main branches; biological
process, molecular function, cellular component. Proteomics
data can be mapped to GO terms (if available) using several
publicly available programs such as GOminer
(http://discover.nci.nih.gov/gominer/) (61, 62). By mapping
identified proteins to available GO terms, investigators can
rapidly obtain useful information on the known or predicted
function of a large number of proteins. Importantly,
programs like GOminer or MouseSpec (http:// tap.med.
utoronto.ca/~mchow/mousespec/index_orig.html) (63) can
calculate if certain GO terms are statistically enriched
within a set of identified proteins. This feature can be
particularly useful if combined with cluster analysis. For
example, a set of identified proteins are first clustered and a
cluster of particular interest, such as proteins up-regulated
in the disease state, are exported and the significantly
enriched GO terms calculated. In some cases, this might
provide investigators with some clue as to the function of an
unannotated protein within a cluster.

Subcellular localization and motifs databases. The knowledge
of the subcellular localization of an unannotated protein,
might allow for a first pass prediction of the protein’s
molecular function. For examples, unannotated proteins
found in the nucleus probably have a biological function
related to this organelle. As described above, subcellular
fractionation by density gradient centrifugation combined with
LC-MS is a powerful way to obtain global information on
subcellular localization. Additionally, many algorithms exist to
predict the subcellular localization of detected proteins.

PSORT II is a publicly available algorithm (http://
psort.ims.u-tokyo.ac.jp/) accessible through a web browser
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Figure 3. MS data analysis. A) A simple, yet useful, correlation analysis of
MS data from mouse lung samples, using vectors of spectral counts of
identified proteins, is presented. The individual samples consisted of
several individually isolated organelles (cytosol, microsomes, mitochondria
and nuclei). It is clear that there is little cross-correlation among different
fractions; but replicate runs show high to medium correlation. B/C)
Display of BTSVQ clustering of individual replicates from different
organelles fractions. Individual color maps show that replicates (MS-run
on the same organelle) are close to each other, while individual organelle
fractions are quite differentiated. Panel B shows the left cluster, while
panel C displays the right one of a BTSVQ cluster. It is important to note
the agreement of individual replicates, data very frequently absent from
proteomics studies, yet indispensable for quality control.

Figure 4. Clustering and data analysis. MS analysis of two breast cancer cell lines from (179) using BTSVQ clustering. The first split separates 184
(Panel A) and MCF7 (Panel B) cell lines, using individual replicates, mean and median. Interestingly, in both cases, only two of the three replicates are
highly similar, and dominate mean and median. However, the remaining single samples show the greatest difference between the cell lines.



(64). The algorithm predicts subcellular localization based on
amino acid composition and the presence of targeting signals
to various organelles. The amino acid sequence of a protein
of interest is simply copied in FASTA format into the
PSORT II search page to retrieve potential localization
information. TargetP 1.1 is a similar web based algorithm
(http://www.cbs.dtu.dk/services/TargetP/) capable of accepting
amino acid sequences in FASTA format (65). The algorithm
predicts the localization of eukaryotic proteins based on the
predicted presence of any of the N-terminal presequences:
chloroplast transit peptide, mitochondrial targeting peptide
or secretory pathway signal peptide (SP). PSLT (Protein
Subcellular Localization Tool) is a Bayesian network
localization predictor that is based on the combinatorial
presence of InterPro motifs and specific membrane domains
(66). The algorithm generates a likelihood of localization to

all organelles, and allows prediction of multicompartmental
proteins. Importantly, similar algorithms (e.g., TMpred;
http://www.ch.embnet. org/software/TMPRED_form.html)
exist for the prediction of transmembrane domains.

A protein domain is a portion of a protein with a defined
tertiary structure. Domains often play a crucial role in the
function of a protein, such as protein-protein biding, protein-
DNA binding, kinase activity, etc. Knowledge of protein
domains can provide clues about the protein function. The
two most common and complete protein domain databases
are Pfam (http://www.sanger.ac.uk/ Software/Pfam/) and
InterPro (http://www.ebi.ac.uk/ interpro/) (67). Both databases
can be reached through the ExPASY web portal (68). A
global linkage of InterPro domains to proteins identified in a
proteomics experiment on a database level can significantly
speed up the progress.
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Figure 5. Mapping MS-identified proteins to protein-protein interactions. MS profiles between two ovarian cell lines (ES2 and IOSE) were mapped into a
protein-protein interactions database OPHID (75) (T.K and I.J., personal communications). The resulting network can be further analyzed using diverse
approaches (180-182), such as hub identification and identification of subnetwork overlap. This last step is highlighted in this Figure, where black lines
correspond to proteins and their neighborhood identified in both cell lines, green lines correspond to proteins and their neighborhood identified only in the ES2
cell line, while the red lines identify neighborhoods from the IOSE cell line. Further analysis and filtering would enable target selection for validation studies.



Pathways. Proteins rarely function alone. In general, they
form complexes (fine-tuned machineries), which
coordinately carry out functions, summarized in functional
pathways. The knowledge of significantly enriched, disturbed
or up-regulated pathways, in a large-scale proteomics
dataset can be highly informative, and could lead to a
testable hypothesis. Several commercially, e.g., Ingenuity
Systems (http:// www.ingenuity. com/), or publicly available,
e.g., GenMAPP (http://www.genmapp.org/default.asp), KEGG
(http:// www.genome.jp/ kegg), and BioCarta (http://
biocarta.com/genes) databases and browser software systems
are available to map and organize proteins into predefined
pathways (69-71). Basically, these programs possess
interactive, user-friendly interfaces that allow visualizing
proteomics and genomics data in the context of informative
biological pathways. A recent addition to these tools – 
i-HOP – implements text mining for automating the process
of protein annotation from PubMed (72).

Protein - protein interactions. Similarly to the pathway-based
analysis described above, mapping MS-identified proteins into
protein-protein interaction networks, available for multiple
organisms in several databases BIND, DIP, GRID, HIMAP,
HPRD, INTACT, MINT, MIPS, OPHID, POINT (73-82), will
also enable the elucidation of important protein links. Graph
analysis (e.g., LEDA (83)), graph visualization software (e.g.,
Cytoscape (84), MetNet3D (85), NAViGATOR (http://ophid.
utoronto.ca/navigator/), WebInterViewer (86) and PIMWalker
(87)) enable intuitive navigation through the networks of
identified proteins. There are several portals to streamline
access to the ever growing number of interaction databases, for
example http://www.imb-jena.de/jcb/ppi/jcb_ppi_databases.html;
http:// www.biopax.org/.

In Figure 5, a simplified example of both the power and
complexity of such analyses, is presented, by mapping MS-
identified protein from two ovarian cell lines into the OPHID
protein interaction database (75).

Data resources. A wide variety of on-line databases and portals
are available to handle data storage and interpretation. These
resources cover repositories for MS data and supporting
databases that aid in annotation and interpretation.

Standards. Standardizing data from proteomics experiments
followed a path similar to the MIAME standard (88, 89).
The MIAPE (Minimum Information About a Proteomics
Experiment) standard defines the minimum reporting
requirement for proteomics experiments, necessary for
interpreting experimental results (90, 91). This standard was
proposed by the HUPO's (Human Proteome Organization;
http://www.hupo.org) PSI (Proteomics Standards Initiative;
http://psidev.sourceforge.net/), combining early efforts from
the Proteome Experimental Data Repository (PEDRo) (92,

93). To specifically handle PPI information, a data
interchange standard has been developed (87, 90, 91, 94-96).

To handle MS data, the HUPO PSI General Proteomics
Standards (GPS; http://psidev.sourceforge.net/gps/ index.html)
has been extended to form the Proteomics Standards Initiative
for Mass Spectrometry (PSI-MS; http://psidev.sourceforge.net/
ontology/index.html). The mzData standard captures peak-list
data and aims to unite the large number of current formats
(pkl's, dta's, mgf's, etc.). mzData is already supported by some
software providers, while several other companies (e.g., Bruker
Daltonics, Kratos Analytical and Matrix Science) are currently
implementing the mzData standard. The mzIdent standard
captures parameters and results of search engines such as
MASCOT and SEQUEST. Although the standards have been
defined and accepted, the supporting ontology has not yet been
created. The goal of the PSI Mass Spectrometry work group is
to extend its coverage beyond the peak list to encompass the
full chain from the mass spectrometer to the identification list.

Web-portals. The ExPASY web-portal (http://www.expasy.org)
is a very useful starting point to retrieve information on proteins
for all major model organisms (68, 97). In the start page,
proteins are searched for by name, entry name or accession
number. The investigator is directed to the next page which
contains a multitude of useful information on this particular
protein, such as literature references, a short description
regarding the function, subcellular localization, tissue specificity,
etc. (where available). Furthermore, direct links to other major
information resources (domain databases, MGI, EMBL, etc.)
are integrated. Additionally, the homepage of ExPASY
provides the user with an exceptional selection of proteomics-
related tools and software packages. Another useful resource
for researchers working on mouse (Mus musculus) is Mouse
Genome Informatics (MGI; http://www.informatics.jax.org/).
Again, this resource provides literature references regarding the
protein of interest and links to other major webpages.
Additionally, MGI provides detailed genetic mappings, GO
terms, expression data and phenotype information on knock-
out mutants.

Mass spectrometry-based proteomics in medical research
The following paragraphs provide an overview of three
major areas of medical proteomics (cancer, heart disease
and diabetes). As a complete review of these broad
research areas is beyond the scope of this article attention
is focused on large-scale MS-based proteomics and 5-10
major publications in each category are reviewed. We
apologize to investigators whose scientific accomplishments
could not be reviewed in the following section. The overall
characteristics of the dynamics and focus of the field are
summarized in Figure 6. It is obvious that most of the
applications of MS-based analysis have grown exponentially
over the last 6 years.
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Cancer research. Despite significant advanced in recent years,
cancer remains a major public health risk. In the US alone,
approximately half a million people die of cancer every year.
Some of the major goals of cancer research remain the
improvement of cancer therapy and the development of new
diagnostic tools for early detection of the disease. Detailed
information on the most common types of cancer and their
associated statistics can be found on the web page of the
National Cancer Institute (http://www.cancer.gov/). A large
number of laboratories all over the world are now focusing on
the application of proteomics to diverse kind of cancers.

a) Blood-based biomarker discovery. One of the major
goals of medical proteomics is the detection of disease-
specific proteins or protein signatures for diagnostic
purposes. Ideally, these biomarkers could be used for
screening and, thus, lead to early cancer detection, before
any clinical symptoms are evident. Additionally, it would be
ideal if biomarkers could be detected in a biological sample,
such as blood, plasma or serum.

Blood-based samples are easily obtainable in the clinic, but
several inherent complications have to be considered when
dealing with plasma/serum samples if meaningful biological
data is to be obtained. First, the collection of the plasma or
serum samples and the downstream sample preparation
protocol has to be standardized to ensure reproducible results.
Second, the extreme complexity and skewed protein
abundance (albumin and immunoglobulins make ~70% of
the total protein) render the analysis of plasma/serum samples
extremely challenging. Third, improper experimental design
can severely impede the results of the screen and their
interpretation (98).

Despite these complications, a large number of
investigators are applying proteomics technologies to blood-
based samples with the hope of discovering meaningful,
disease-specific biomarkers. Some of these efforts will be
reviewed below.

SELDI-TOF-MS. SELDI-TOF-MS is still the most common
proteomics platform for the analysis of serum (99-102). The
original platform was introduced by Ciphergen Biosystems and
is basically a low resolution time-of-flight mass spectrometer.
The innovation applied by Ciphergen was the coating of the
sample target with different chromatography resins (e.g., ion
exchange, reverse phase, metal ion binding, etc.), to reduce the
initial sample complexity. The instrument records the m/z of
ion species between 500-20,000 mass units. More recently,
higher resolution systems, such as the hybrid quadrupole time-
of-flight instruments (e.g., QSTAR by Applied Biosystems)
have been coupled to SELDI chips (103, 104). The individually
recorded m/z values are normalized and analyzed by specific
computer programs. In general, a digitized image of the
recorded mass spectrum with the m/z value on the x-axis and a
relative intensity value on the y-axis is generated for each
sample. The samples are randomly divided into control and

disease samples and highly sophisticated pattern recognition
algorithms are applied to obtain reproducible differences
between the two sample pools. The differences (e.g., disease-
specific pattern profiles) can be used to classify serum samples.
To our knowledge, the first study using this technology to
analyze the proteomic patterns in serum of ovarian cancer
patients was published by the laboratory of Liotta at the
National Institute of Health (NIH), USA, in 2002 (105).
Although, initial attempts using this technology have produced
promising results from a diagnostic point of view, one of the
big drawbacks of this technology is the lack of unambiguous
protein identifications based on molecular mass alone. This is
a clear disadvantage of SELDI-based proteomics screens as
only accurate knowledge of the disease-specific proteins could
potentially result in the development of treatments or drugs.
Improvements in MS technology (e.g., higher resolution MS or
top-down sequencing strategies) could potentially be an answer
to this problem.

Importantly, the original data was subjected to multiple
re-analyses (57, 98, 106-108), leading to a better
understanding of the benefits and limitations of the markers
and technology (109).

LC-MS-based screening of blood samples. To overcome
the limitation of protein identification by SELDI-TOF-MS,
several investigators have developed proteomics platforms
based on microcapillary liquid chromatography coupled to
mass spectrometers. Especially the laboratory of Smith
from the Pacific Northwest National Laboratory has been
active in analyzing the human plasma proteome by this
method (110-116). A very interesting way of visualizing
proteomics data obtained by LC-MS-based proteomics has
been presented by the research groups of Aebersold and
Emili. Basically, the generated data files are plotted in
three dimensions using chromatographic retention time,
m/z and ion intensity as the three dimensions. The
generated peptide maps are compared between healthy and
disease individuals to identify disease-specific peptides or
peptide signatures (117, 118). We envision that the
application and constant improvement of these
technologies and software programs to the field of
biomarker research will produce several interesting,
putative target proteins for further clinical validation.
Especially, the application of high resolution Fourier
transform ion cyclotron mass spectrometers (FT-ICR-MS),
capable of accurately recording peptide masses, should
further accelerate this field of proteome research.

b) Laser capture microscopy. As proteomics is a highly
technology-driven field of research, new developments are
constantly being introduced to the research community. One
of these new technologies is laser capture microscopy. This
methodology is very useful when dealing with the problem
of tissue heterogeneity (tissues are made up of many
different cell types) (119). Laser capture microscopy was
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developed at the NIH and the first commercial instrument
was available in 1997 (Arcturus Engineering). Basically, thin
tissue sections (paraffin-embedded or frozen) are cut with a
microtome and placed on a slide. A laser is used to fire at
cells of interest and fuse them to an adhesive film, which can
be removed to collect these cells. The collected cells are
lysed and analyzed by various proteomics techniques. Several
technical innovations have been introduced in recent years
allowing for easy sample collection (e.g., direct transfer of
the captured cells into a sample collection tube) (119). Laser
capture microscopy has several inherent disadvantages,
which make its combination with current proteomics
technologies difficult:
1. Freshly-frozen tissue should be used, as formalin-fixed

tissue results in extensive protein crosslinkage.

2. Many of the routinely-used dyes for tissue staining interfere
with proteomics technologies.

3. It is a particularly time-consuming procedure and will,
therefore, most probably not be used for routine high-
throughput proteomics research.
Despite all these problems, several applications of laser

capture microscopy have been published in recent years. A
study published by Mouledous et al. described a novel
procedure for the analysis of brain tissue by navigated laser
capture microscopy (120, 121). This procedure used fixed,
unstained brain tissue sections, as staining was shown to result
in problematic 2-DE. The authors were able to show that their
methodology gave 2-DE results comparable to manually
dissected brain tissue. Importantly, downstream MALDI-
TOF-MS was not affected by this methodology and gave
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Figure 6. Literature-based characterization of the MS field. A) Comparative differences of PubMed references for MS and cancer, biomarkers, diagnosis
and prognosis over the last 6 years. Note that the 2005 numbers are extrapolated from the actual values for 2005 and expected growth predicted from the
past. B) Differences of MALDI and SELDI for cancer-related research. C) Differences between MALDI and SELDI for biomarker identification and use.



similar protein identifications. An interesting study by Costello
and colleagues combined laser capture microscopy and 2-DE
to analyze differences in pancreatic ductal adenocarcinoma
(122). First, laser capture microscopy was used to enrich for
normal and malignant pancreatic ductal epithelial cells.
Protein extracts were separated by 2-DE and the proteins
were visualized by silver staining. Comparison of the 2 protein
profiles showed 9 proteins that were differentially-regulated.
One of the up-regulated proteins in the cancer samples was
the calcium-binding S100A6 proteins. The expression pattern
could be validated by immunohistochemical analysis in 46
pancreas cancer patients.

c) Imaging mass spectrometry and profiling of tissue
sections. As described above, MALDI-TOF-MS has long
been a useful tool for the detection of proteins. More
recently, this MS technique has been applied to the direct
analysis of tissue sections, mainly by the group of Caprioli
at Vanderbilt University (123-125). One big advantage of
this methodology is that less sample manipulation (e.g.,
homogenization) is required and spatial tissue integrity is
maintained. In general, frozen tissue sections (5-20 Ìm) are
applied to stainless steel or glass sample slides and thawed
directly on the target plate. Matrix solution is applied and
mass spectral data is acquired from defined spots on the
tissue section. One advantage of this type of mass
spectrometry is that m/z values and spatial localization of
distinct polypeptides are recorded within a tissue section
(17). Although, the cellular localization of polypeptides may
hold important diagnostic values, it has to be mentioned
that individual proteins cannot be unambiguously identified
by molecular weight alone. In a nice study published by
Schwartz et al. (126), snap-frozen normal brain tissue was
compared to brain tumor specimens. The polypeptide
spectra recorded from the individual tissue section clearly
allowed the authors to distinguish normal brain tissue from
brain tumor tissue. Even tumor tissue of different
histological grades could be distinguished by this
methodology. In another study by Caprioli and colleagues
imaging MALDI-MS was used to classify tumor subsets in
non-small cell lung cancer (58). In this study, 79 lung tumors
were compared to 14 normal lung tissues. Protein profiling
directly on the tissue section was carried out as described
and the recorded profiles were subject to detailed statistical
analysis. The use of 82 differentially-expressed MS signals
allowed the authors to distinguish (with 100% accuracy)
between cancerous lung tissue and normal control samples.
The model was equally efficient in classifying the different
subsets of lung cancer. Importantly, this form of molecular
profiling can also be used to classify tissue samples where
histological classification might be difficult or impossible. In
our opinion, it is going to be very interesting to follow the
technical developments of this methodology over the next
couple of years.

Several recent studies followed the early interest in
proteomic profiling of ovarian cancer (127-129). Wang et al.
(128) used a two-dimensional liquid phase separation method
with non-porous reversed-phase high performance liquid
chromatography to separate proteins from human ovarian
epithelial whole cell lysates. MALDI-TOF was used to identify
the protein expression in ovarian cancer cells versus non-
neoplastic ovarian epithelial cells. The authors identified 300
novel proteins, which constituted ~60% of the detected
proteins. Smith-Beckerman et al. (127) aimed at detecting
proteins involved in pre-neoplastic changes in the ovarian
surface epithelium, leading to overt malignancy, focusing on
patients with a familial history of ovarian/breast cancer and
mutations in the BRCA1 tumor suppressor gene.

Heart disease. Heart failure presents the leading cause of
morbidity and mortality worldwide (130). Although, not a
uniform disease, there are many reasons for heart failure
(hypertension, myocarditis, cardiomyopathy, etc.). Importantly,
inadequate diagnostic measures exist to detect heart disease at
an early stage and eventually cure or prevent the disease from
progressing further. Proteomics research, in combination with
genomics and physiological data, could be one methodology to
bring new insight into cardiovascular research. Analyzing the
heart proteome involves several analytical complications that
could complicate the collection of meaningful biological data.
The overall complexity and skewed composition of the heart
proteome represent a serious difficulty even to modern mass
spectrometers. Especially the presence of a few highly
abundant housekeeping proteins, such as mitochondrial
proteins, or structural components of the muscle fiber
complicate the analysis of the heart proteome (131, 132). We
have recently published a detailed article providing some
solutions and optimized sample preparation protocols for the
analysis of mouse heart tissue (18).

a) Proteomics analysis of healthy heart tissue. Several useful
"resource type" proteome maps of healthy heart tissue have
been published in recent years. These publications basically
provide an inventory of proteins detectable by MS in heart
extracts or specific organelles isolated from heart tissue. The
initial attempts were done by 2-DE followed by MS of
individual spots by the laboratories of Dunn and Jungblut
(133, 134). In 2003, Taylor and colleagues published a
detailed list of proteins identified in highly purified
mitochondria isolated from the human heart. The authors
were able to identify 615 proteins by a combination of
sucrose gradient centrifugation, 1-DE and LC-MS (30).
Many of the identified proteins were well-described
members of mitochondrial multiprotein complexes, such as
components of the oxidative phosphorylation machinery.
Interestingly, approximately 19% of the identified proteins
had no known or described biochemical roles within this
organelle. Taylor et al. (30) provided, for the first time, a
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detailed resource of a purified human organelle that resulted
in the discovery of many novel putative mitochondrial
proteins. This could significantly improve our understanding
of the biochemical pathways and cellular functions of this
important organelle. Recently our laboratory has published a
comprehensive map of four organellar preparations from
healthy adult mouse hearts (18). An optimized strategy for
the isolation and solubilization of mitochondria (salt and
detergent extraction), microsomes (mixed membrane
preparation) and cytosol was developed. Each protein
extract was digested with a combination of endoproteinase
Lys-C and trypsin and the resulting peptide mixtures were
analyzed by the MudPIT procedure. Approximately 400-600
unique proteins were detected in each fraction, from a total
of 1,230 detected proteins (estimated false-positive rate
<1%). This publication provides the most detailed proteome
map of healthy mouse heart tissue and could provide new
insights into the physiological processes controlling heart
function. We are currently in the process of analyzing several
established mouse models of heart disease (dilated
cardiomyopathy, myocardial infarction, pressure overload,
etc.) by proteomics technologies with the goal of gaining new
insights into the mechanisms leading to these devastating
abnormalities.

b) Proteomics analysis of heart disease. Several papers have
been published applying proteomics technologies to study
heart disease. Pan et al. reported the application of
expression proteomics to the analysis of mouse hearts from
hyper- and hypocontractile phospholamban mutants (26).
Phospholamban (PLN), a membrane protein of the
sarco(endo)plasmic reticulum, is an important regulator of
cardiac contractility through its interaction and regulation of
the sarco(endo)plasmic reticulum Ca2+ ATPase. In this study
two different mouse strains were directly compared by
MudPIT profiling. First, microsomal membranes were
isolated by differential ultracentrifugation from PLN null
mice (high cardiac contractility) and compared to transgenic
mice overexpressing a superinhibitory PLN mutation (I40A).
In total, 782 proteins were identified and it was demonstrated
on a global scale that calcium dysregulation resulted in severe
biochemical adaptations. A very similar study published by
Kranias and colleagues employed 2-DE in combination with
MS to analyze changes in the cardiac proteome of PLN
knock-out mice and age-matched wild-type animals (135).
Additionally, 32P autoradiography was used to analyze
changes in the phosphorylation status of the two mouse
strains. Approximately 100 proteins with significant changes
in expression level could be detected in the PLN knock-out
mouse. Several changes in protein phosphorylation,
suggesting important regulatory changes, were detected by
autoradiography. These findings, which are in good
agreement with the study of Pan et al., suggest severe
biochemical adaptations in the cardiac muscle proteome

upon deletion of phospholamban. The group of Van Eyk has
made extensive use of a transgenic mouse model of
accelerated dilated cardiomyopathy, in which the small
GTPase Rac1 is constitutively expressed in the myocardium
(136, 137). In a study published in 2003 (136), these authors
identified a significant increase of creatine kinase M-chain in
the transgenic mouse model. Recently, the same group
analyzed a cytosolic and myofilament-enriched extract from
the same mouse model (137). Twelve proteins were identified
as significantly changed in the cytosolic extract, including the
tubulin beta chain, manganese superoxide dismutase and
malate dehydrogenase. Interestingly, by analyzing different
time-points throughout development of the disease, all three
proteins are suggested to play a role in the early response to
cardiac hypertrophic failure. Rose and colleagues used a 
2-DE-based strategy to compare endomyocardial biopsies
from patients rejecting their transplanted hearts and from
patients showing no signs of rejection (138). Over 100
proteins were found to be up-regulated during rejection of
the organ (2-fold to 50-fold). Using MS, 13 proteins were
identified as either cardiac-specific or heat-shock proteins.
Most interestingly, two of these proteins, alpha-B-crystallin
and tropomyosin, were measured in the serum of patients
following heart transplantation by ELISA technology. The
mean levels of both proteins were significantly higher in
patients showing signs of organ rejection.

Diabetes research. Diabetes, the disease in which the body does
not produce or properly use insulin, affects a large number of
people in the western, industrialized nations (~18 million
people in the United States are diabetic) (American Diabetes
Association; http://www.diabetes.org). The disease is
associated with aggressive atherosclerosis and is emerging as
the leading cause of end-stage renal failure. Although the
pathological and pathophysiological indices of diabetic
vascular complications are well-described, the precise
molecular events have only recently been discovered (139-
141). Global protein profiling in diabetes might reveal some
of these molecular events and could lead to a better
understanding of the disease.

a) Urinary proteomics in diabetes. Renal disease in patients
with diabetes mellitus has become the leading cause of renal
failure in the western world (142). Microalbuminuria is
currently the only diagnostic test available for the early
diagnosis of diabetic nephropathy. It would be greatly
beneficial to identify other markers of renal dysfunction that
could be used as biomarkers of diabetic nephropathy. Several
papers have been published in recent years analyzing the
urinary proteome, in the hope of identifying other biomarkers
indicative of early diabetic renal damage. The study by
Mischak et al. applied capillary electrophoreses coupled to
MS (CE-MS) to generate a polypeptide map of human urine
from 39 healthy and 112 type 2 diabetics (143). Interestingly,
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the urinary peptide fingerprint differed significantly between
the healthy and the diabetic patients and led to the
establishment of a disease pattern. In patients with advanced
renal disease (higher albuminuria), the peptide pattern was
highly indicative of diabetic kidney damage. Using MS/MS,
the authors were able to identify three polypeptides as
fragments of the relaxin-like factor, Tamm-Horsfall protein
(THP) and serum albumin. This could be considered a proof-
of-principle experiment, as these proteins are known to be
affected in kidney disease. The same group recently published
a similar study profiling the urinary proteome of type 1
diabetics in comparison to age-matched control patients
(144). The study identified more than 1,000 polypeptides in
the urine and characterized them based on their m/z and
retention time. Interestingly, 54 polypeptides were uniquely
identified in type 1 diabetics, generating a significant set of
putative, urinary disease biomarkers. It will be very
interesting to see how this methodology performs on larger
patient groups and how these preliminary biomarkers
perform in such studies. Additionally, the validation of some
putative biomarkers by alternative methodologies (e.g.,
ELISA) would be highly desirable.

b) Protein profiling studies in diabetes. An elegant way to
examine some of the cellular mechanisms that lead to diabetic
vascular complications would be a global comparison of protein
expression profiles of diabetic patients compared to age-
matched, healthy individuals. Several excellent mouse models
of diabetes (e.g., db/db mouse) exist and could be used to
monitor the global changes of protein expression under defined
laboratory conditions (same genetic background, weight, age,
etc.). These findings could be followed up in human patients.
Unfortunately, to our knowledge, relatively few studies of this
kind are to be found in the literature. A study by Klein and
colleagues compared the whole-kidney protein expression
patterns of the diabetic OVE26 mouse with the non-diabetic
background strain by 2-DE (145). This study identified 41
proteins by MALDI-TOF-MS that were differentially-expressed
in the diabetic animal. Among these were an elastase inhibitor
and an elastase, resulting in the hypothesis of disturbed elastin
expression in these diabetic animals. Western blotting and
immunohistochemistry were able to validate this finding and
clearly demonstrate the usefulness of expression proteomics in
diabetic renal disease. As similar strategy was applied by Jiang
et al. to study alterations in the proteome of red blood cell
membranes in type 2 diabetes (146). Forty-two proteins could
be identified that were differentially-expressed in the diabetic
patients. Among those was flotillin-1, a recently discovered
membrane protein of lipid rafts. This discovery could be
potentially interesting as flotillin-1 has been linked to activation
of the glucose transporter 4 in adipocytes in response to insulin.
We expect a multitude of studies applying proteomics to
investigate the cellular mechanisms leading to diabetic vascular
damage in the next couple of years.

c) The use of MS to detect protein glycation. Protein
glycation, the non-enzymatic reaction between reducing sugars
and protein-bound amino groups results in the formation of a
wide variety of structurally-different Advanced Glycation
Endproducts (AGEs) (147, 148). AGEs have been implicated
in the pathogenesis of diabetic complications (149). As protein
glycation is a posttranslational protein modification, MS is an
ideal tool for their detection. Several groups have used MS to
detect protein glycation in vitro and in vivo (150-177). The use
of MALDI-TOF-MS for the analysis of protein glycation was
first reported by Lapolla and co-workers (176), who have since
published a large number of manuscripts dealing with this
subject (152, 154, 155, 157, 158, 161-165, 167, 169-177).
Initially, they applied MALDI-TOF-MS to measure the
protein glycation of BSA in vitro. They were able to detect an
increase in the molecular weight of BSA dependent on the
incubation time and the glucose concentration. After this
initial success, the authors analyzed plasma proteins from
diabetic and control patients and were able to detect
differences in the molecular mass of the major plasma
proteins (serum albumin and immunoglobulins). One
drawback of MALDI-TOF-MS with intact proteins is the
low resolution and mass accuracy in the mass range of intact
proteins (>25 kDa). Therefore, the exact mass increase
and/or the modification site on the protein could not be
detected in these studies. In 2002, Humeny et al. reported
the use of MALDI-TOF-MS in combination with enzymatic
digestion for the determination of specific protein glycation
products in vitro (168). By digesting glycated lysozyme with
endoproteinase Glu-C and comparing the resulting peptide
fingerprints to native lysozyme, the authors were able to
identify several structural specific protein glycation
products. Furthermore, the exact sites of the modifications
could be precisely determined. The same group also
demonstrated the ability of this methodology for the relative
quantification of specific glycation products, produced upon
incubation of lysozyme with different sugar concentrations
in vitro (160). Likewise, the group of Thornalley and co-
workers have clearly demonstrated the use of LC-MS-based
methodologies to quantitatively screen for AGEs in tissue
and plasma proteins. They measured the concentrations of
12 different AGEs by LC-MS and could clearly show that
protein glycation was increased in the plasma and at sites of
vascular complications (renal glomeruli, retina and
peripheral nerve) in diabetes (159). Finally, the same group
used a peptide mapping strategy to detect hotspots of
protein modification on human serum albumin modified
with methylglyoxal (178). Interestingly, the major site of
protein modification was located at the drug-binding site II
and the active site of albumin-associated esterase activity
(Arginine 410). This publication demonstrated that protein
glycation can clearly result in functional disruptions of the
modified protein.
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Conclusion

In conclusion, an overview of the current developments in the
field of medical proteomics and bioinformatics has been
provided, including current MS technologies, sample separation
and preparation strategies used in modern proteomics
laboratories. Some of the proven bioinformatics and data
mining strategies are described throughout this article, and
should provide the readers with valuable ideas on how to
organize and analyze large datasets produced in proteomics
projects. Data mining seems to be a considerable bottleneck in
large-scale systems biology and obtaining biologically useful
data has to be of the highest priority. Finally, some of the
current advances in three major areas of applied medical
proteomics were reviewed: cancer proteomics, proteomics of
heart tissue/disease and proteomics in diabetes research. We
expect that constant improvement in MS hardware,
bioinformatics tools and sample preparation strategies, in
combination with well-designed biological experiments, will
produce many exciting results over the next decade.
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