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1. Proteomics: hopes, promises, deliveries
and gaps

The rapid rise of Proteomics as a scientific discipline is a good
example of how technology has driven biology, whereas tradi-
tionally researchers have thought the other way round, in the
sense that biology drives technology. The invention of mass
spectrometers enabling the analysis of proteins and peptides -
molecules that have classically been studied individually or in
small numbers - at large-scale and in high-throughput mode
appeared to place the proteome - i.e. the total protein comple-
ment of a cell, organ or even organism - as the analogue to the
genome within reach of analytical means [1]. The “proteomic
gold rush” in the later 1990s and early 2000s was mainly fed by
the ambition of cataloguing all the proteins in the human body,
of generating disease biomarkers and of filling the drug discovery
pipelines with candidates. Deciphering the proteome was simply
the next logical challenge after the discovery that the human
genome with its only 30,000+ genes [2] is way too small to explain
the complexity of human biology.

Unfortunately, none of the three hopes (or hypes?), i.e. of
identifying all human proteins and of generating many clinical
biomarkers and drug (target) candidates, have been fulfilled in
the meantime, for several reasons. The goal of charting the
human proteome was early questioned by its complexity that
had soon turned out to be more difficult than expected, because
of both the number of proteins present and their wide concen-
tration range [3]. The analytical challenges of analyzing the
human proteome have simply been underestimated. Never-
theless, based on an estimated protein concentration range of
10" to 10" in human plasma and 6 to 8 orders of magnitude in
human cells [4], remarkable progress has been achieved in the
meantime: current mass spectrometric platforms can cover a
dynamic range of up to 10* [4], depletion of abundant and/or
enrichment of less prominent proteins have been combined, and
extensive protein and peptide pre-fractionation and sophisti-
cated data acquisition and processing are in place. However,
simple calculations based on the numbers above reveal that there
are still several orders of magnitudes left until one can cope with
the dynamic range of e.g. human cellular, tissue and body fluid
proteomes. We are far from looking at the totality of the plasma
proteome, to mention the clinically most relevant sample for
protein biomarkers. While we are digging more deeply into
proteomes, also thanks to biologically driven fractionation down
to cell organelles, there are still studies “re-discovering similar
proteomes in different samples”. This observation creates the
impression of scratching the surface: it seems that many studies
still reveal similar “housekeeping proteomes” as found in many
cell and tissue types, or that the candidate biomarkers for a
specific disease are often markers for a generic phenomenon
underlying several diseases, such as inflammation.

These preceding statements on the (in-)completeness of
proteome coverage are based on the ever increasing but still too
small numbers of proteins revealed by proteomic studies and on
the concentration range covered as exemplified by proteins at
the top and bottom of such lists, for which non-proteomic
concentration data exist. Today’s shotgun proteomic
approaches reveal up to some 2000 protein identities. However,
the number of true positive protein identifications within those

long lists has enormously increased over the years. This
important achievement can be attributed to (a) improved
mass spectrometric instrumentation with better sensitivity
and specificity, the latter based on superior mass accuracy and
resolution (e.g. Orbitrap [5]); and (b) more sophisticated software
for peptide sequencing and protein identification (e.g. Phenyx
[6], OMSSA [7], X!Tandem [8] or VEMS [9-11]). The computing
tools for proteomic data processing have evolved from scoring
mass spectra with regard to their fidelity for peptide sequence
read out to assessing the trade-off between false-positives
(specificity) and false-negatives (sensitivity) in a data-depen-
dent manner, eventually leading to computational data valida-
tion (PeptideProphet [12] and ProteinProphet [13]).

The reasons, for which the second and third hope of
proteomics, i.e. of rapidly filling the clinical biomarker and
drug discovery pipelines, has not become a reality, are
manifold and extend beyond the analytical problems dis-
cussed above. There is first the issue of converting data into
information, translating protein identifications into candidate
markers or targets that deserve follow-up. The large amount of
protein identifications can render this transformation a
daunting task, especially when such candidates have to fit
into existing discovery programs in the pharmaceutical or
nutritional industry. Second, many of the marker/target
validation technologies are still low-throughput and require
multi-centric collaboration: in vivo validation takes much
longer than in vitro discovery [14]. Third, the pay-off for protein
diagnostic development, i.e. for taking a protein biomarker to
the bed-side test, has so far been small in economic terms [14].
However, many if not most clinical tests today measure
proteins and the examples of protein-based biomarkers suc-
cessfully applied in the clinical stage should encourage: (i)
Prostate-specific antigen (PSA) for prostate cancer [15]; (ii) liver
transaminases for liver cell destruction [16]; and (iii) Troponin I
and T for acute myocardial infarction [17]. Furthermore, a
couple of successful proteomics-derived biomarkers can be
cited: (i) The 14-3-3 proteins in cerebrospinal fluid (CSF)
function as markers for types of brain destruction such as
found in Creutzfeld-Jakob Disease (CJD) [18]; (ii) stroke
biomarkers have been discovered in the spinal fluid and have
been clinically validated in serum [4].

The previous paragraphs have shed some light on the
evolution of proteomics as a discovery platform for clinical
biomarkers and drug targets. Another aspect of the evolution of
proteomic platforms is their meanwhile widespread application
that extends beyond markers and targets. Proteomics is
deployed for the elucidation of mechanisms in health and
disease and has matured from an academic, basic research
platform to an analytical tool now widely employed in bio-
logical, pharmaceutical and, more recently, also nutritional
research. In nutrition, for example, proteomics (in conjunction
with transcriptomics and metabolomics) is used for efficacy,
quality and safety assessment of food stuffs and specific
ingredients [19]. Moreover, proteomic profiles are monitored to
follow dietary interventions and characterize their outcome
[20]. In this context, proteomics will help bridging from “pure
bioavailability” studies for nutrients to demonstration of
bioefficacy of these functional ingredients [21]. Last, but
certainly not least, the identification of bioactive food proteins
and peptides also relies on proteomics [22].
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Proteomics in the clinical, medical and pharmaceutical
contextis mainly expected to deliver markers for disease prog-
nosis, state and treatment outcome and targets for disease
treatment [23]. By contrast, Proteomic research in nutrition
and health has a different deliverable set: nutritionists apply
proteomics to discover biomarkers for early individual dis-
position towards disease onset and to reveal markers of
ingredient/nutrient efficacy [22]. These objectives derive from
the fact that modern nutrition aims at health promotion,
disease prevention and performance improvement. As nutri-
tional interventions are more subtle than drug treatments and
because early disposition for nutritionally actionable diseases
like allergy or diabesity is expected to be difficult to detect,
nutritionists a rather looking for characteristic proteome pro-
files than for single protein biomarkers. The discouraging
clinical proteomics example that most candidate cancer bio-
markers have turned out to rather reflect the general con-
dition of inflammation than that of cancer [4] illustrates the
difference between proteomics applied to nutrition as op-
posed to proteomics deployed for drugs: nutritional modula-
tion of the immune status by e.g. dampening (chronic)
inflammation is a major research and consumer care interest
and, therefore, these proteomics-derived inflammation markers
are of great relevance to nutritional intervention studies [24].

2. Concepts in proteomics

Several decisive factors render proteomics such an essential
field of activity in life science research:

(i) Researchers have realized that even with the availabil-
ity of complete genome sequences, this information is
not sufficient to derive biological function.

(ii) Proteomics is complementary to genomics because it
focuses on the gene products that are the active agentsin a
cell, and therefore potential targets for drug development.

(iii) There is no linear relationship between the genome and
the proteome of a cell and protein expression has to be
determined directly as it does not always correlate with
mRNA levels [25].

(iv) Prediction of genes from genomic data remains difficult
even with modern bioinformatic tools [26] and verification
of a gene product by proteomic methods is an important
annotation step (e.g. PeptideAtlas project (http://www.
peptideatlas.org/).

(v) Protein modifications or protein localization are not
visible and barely predictable at DNA sequence level
and, therefore, proteomics is indispensable for the
elucidation of protein isoforms, post-translational mod-
ifications and gene product localization.

(vi) Finally, protein regulation mechanisms, protein-protein
interactions or molecular compositions of cellular struc-
tures such as organelles can be determined only at
protein level.

The complexity of a proteome - the set of all expressed
proteins in a cell, tissue or organism [27] - is fascinating as it is
overwhelming. This complexity is due to several events such
as gene and protein splicing and post-translational modifica-

tions. To date, more than 100 protein modification types are
described [28]. Clearly, post-translational modification is an
event with dramatic effect on the proteome complexity.

In addition to this high complexity, the hallmark of a
proteome is its ability to regulate protein expression dynami-
cally in response to physiological, developmental and phar-
macological conditions or aging. The huge dynamic range, i.e.
the wide difference in concentration from the most to the least
abundant proteins, renders global protein analysis a challen-
ging task. It is estimated that the dynamic range of a proteome
spans six to eight orders of magnitude in a cell and even ten to
twelve in the human body with blood plasma as an example
[29]. The fact that protein analysis lacks the equivalent of PCR
amplification does not make it simpler [30].

Obviously no general method allows to identify and
quantify in a single experiment all proteins of a given sample,
as opposed to DNA microarrays [31], where global gene
expression profiles can be obtained from total extracted RNA
deploying automated systems as described by Raymond et al.
[32]. While genome-wide microarrays are readily available
[33,34], the equivalent of a proteome microarray is missing,
mainly for the following reasons: i) as opposed to nucleotide
sequences, proteins do not share the same hybridization
properties as nucleic acids and, therefore, antibodies are used
as capture molecules with their preparation and production
being difficult and time-consuming; ii) protein concentrations
in a biological sample may span more orders of magnitude
than those of mRNAs, making protein on-chip detection more
difficult. Consequently, proteomic laboratories have to design
experiments according to the question to be addressed and
take advantage of an ample biochemical toolbox. Examples
are: fractionation vs. depletion vs. enrichment [3,35], total
proteome vs. sub-proteomes (e.g. glyco-/phosphoproteins)
[36,37], biological fluids vus. tissue, and total cellular proteomes
vus. sub-cellular proteomes [38,39].

In addition to these analytical considerations, the potential
and the limitations of proteomics technologies should be well
understood. Compared to traditional analytical strategies that
focus on a single or a few molecules and are based on a pre-
conception, the main advantage of proteomics and other
omics based approaches relies in the fact that they do not
depend on a hypothesis but rather can generate new ones.
This said proteomics and related omics technologies produce
extremely large amounts of data, which makes result exploi-
tation difficult. Nowadays, these data can be handled and
processed thanks to advanced computer hard-and software.
Yet, converting these large data sets into interpretable biolog-
ical information remains a challenge.

3. Instrumentation and separation strategies

The mass analyzer is central to mass spectrometric technol-
ogy, and in the proteomics context, its key parameters are
sensitivity, resolution, mass accuracy and ability to produce
information-rich fragment mass spectra from peptide ions
(tandem mass or MS/MS spectra). There are five basic types of
mass analyzers currently used in proteomics [40]: ion trap (IT),
time-of-flight (TOF), quadrupole (Q), Fourier transform ion
cyclotron resonance (FT-ICR), and the newly developed
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Orbitrap system [5]. They are different in conception and
performance, each with its own strengths and weaknesses.
Often, they work as stand-alone mass analyzer, but the
current trend points towards hyphenated systems in order
to combine the advantages of different analyzers in one mass
spectrometer: triple-Q, Q-IT, Q-TOF, IT-TOF, TOF-TOF, IT-FT-
ICR or IT-Orbitrap tandem mass spectrometers are all capable
of protein or peptide sequencing. IT-FT-ICRs and IT-Orbitraps
are especially efficient when combined with fragmentation
techniques such as electron capture dissociation (ECD) [41] or
electron-transfer dissociation (ETD) [42].

MS-based proteomics is about identifying and quantifying as
many proteins as possible in a single experiment. While the
mass spectrometric toolbox is impressive and has diversified
and considerably progressed over the last two decades, even
with the best detector, only few proteins are identified if no pre-
separation and reduction of sample complexity is achieved prior
to sample introduction in the mass spectrometer.

The traditional strategy used over the last 20 years for
protein separation and visualization is 2D-PAGE. In the gel
approach, a protein is resolved by molecular weight and
isoelectric point and isolated from other proteins in a single
spot except in the case of co-migration. The spot is then
excised and in-gel digested. The resulting proteolytic peptides
are extracted from the gel pieces and typically analyzed by
MALDI-TOF MS or MS/MS [43]. While 2D gels are still popular
and powerful, the liquid chromatography approach appears to
take over in terms of numbers of studies and, even more so,
with regard to number of proteins identified, mainly for
reasons of higher throughput.

Apart from the more traditional 2D gels, two main concepts
are currently applied to deal with proteome complexity and
dynamic range: fractionation using extensive separation
techniques such as multidimensional protein identification
technology (MudPIT) [44] or enrichment/depletion using
affinity-based techniques [45-47].

Most of LC-MS/MS-based proteomic studies rely on on-line
LC-ESI systems. However, to combine features of the MALDI
technique, where peptides can be immobilized on a target
plate, with the separation power of liquid chromatography,
LC-MALDI was developed in an automated, but off-line mode
[48]. MS and MS/MS acquisition is now time-wise uncoupled
from LC separation. Comparisons of LC-ESI-MS/MS and LC-
MALDI-MS/MS have revealed the complementarities between
the two strategies and clearly highlight the fact that no single
approach is capable of unraveling a proteome, but rather that
many technologies have to be used in combination.

4, Computational approaches for protein
identification and validation

Proteins can be identified with good throughput [49] and high
sensitivity [50] based on the set of measured proteolytic
peptide masses. This process is known as peptide mass
fingerprinting (PMF). The experimental mass profile is
matched against those generated in silico from the protein
sequences in the database using the same enzyme cleavage
sites. The proteins are then ranked according to the number of
peptide masses matching their sequence within a certain

mass error tolerance. Unfortunately, the lack to sequence data
makes identification nowadays ambiguous because of: (i)
database size (especially for eukaryotes) [51]; (ii) percentage
of experimental peaks unmatched (matrix adducts, keratin
contaminants, trypsin autolysis, etc.); and (iii) still too low
mass accuracy (especially when there is no FT-ICR or Orbitrap
athand). Examples of PMF algorithms are: Mascot [51], Aldente
(http://www.expasy.org /tools/aldente/), MS-FIT [52], Pro-
Found [53] or VEMS [9-11].

By contrast, MS/MS provides access to sequence data,
which allows to more confidently identify peptides. In an MS/
MS experiment, a precursor ion with known mass is selected
from the previous MS scan and isolated for further collision to
produce daughter ions with unique signature. This process is
described as peptide mass sequencing (PMS) as opposed to
PMF. Different daughter ion types are produced depending on
the ion source-(MALDI or ESI) and analyzer type (quadrupoles,
ion trap, TOF, etc.), fragmentation method (collision-induced
dissociation (CID), ECD, ETD) and collision energy (low vs. high
energy). Most common ions are y-or b-ions. Other ion types
may be generated through loss of water, NH;, CO or by
immonium ion formation. A nomenclature has been described
by Roepstorff and Fohlmann [54] and subsequently modified
by Johnson and colleagues [55] to the commonly known
Biemann notation.

Identification of proteins using MS/MS data is nowadays
performed using three different approaches: (i) peptide
sequence tag, (ii) cross-correlation method and, (iii) probabil-
ity based matching.

The “peptide sequence tag” approach extracts a short,
unambiguous amino acid sequence from the peak pattern.
Combined with the mass information, this small sequence is a
specific probe to determine the origin of the peptide [56,57].
Examples of such algorithms are GutenTag [58], MS-seq (http://
prospector.ucsf.edu/ucsfhtml4.0/msseq.htm) or MultiTag [59].

In the “cross-correlation method”, peptide sequences in
the database are used to construct theoretical mass spectra
and the overlap or cross-correlation of these predicted spectra
versus the measured mass spectra determines the best match
[60]. A typical example of such an algorithm is Sequest [60] or
SALSA [61].

In the “probability based matching”, the calculated frag-
ments from peptide sequences in the database are compared
with observed peaks and from this comparison and a score is
calculated, which reflects the statistical significance of the
match between the spectrum and the sequences present in
the database. Typical examples are Mascot [51], OMSSA [7], X!
Tandem [8], Phenyx [6] or VEMS [9-11].

All previously described approaches are based on the
assumption that a proteomic or translated genomic databases
is available to perform the search. De novo sequencing uses the
MS/MS spectra as the only reference to deduce the peptide
sequence. In theory, all the information necessary to recon-
struct the peptide sequence should be present in the
spectrum. In reality, spectra of high quality are rare because
of e.g. ion-suppression effects or poor signal-to-noise ratio.
The advantages of de novo methods are: (i) no need for
reference database and, hence, applicability to unsequenced
organisms, (ii) usefulness for sequencing of artificial peptides,
(iii) sequencing of peptides for which an error of genome
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sequencing has occurred or, (iv) identification of post-transla-
tional modifications. For a detailed review on de novo sequen-
cing, the readers are referred to the review of Lu and Chen [62].

A recently developed approach based on MS/MS spectra
libraries (SpectraST) [63] is a promising alternative: an MS/MS
spectra library is created based on previous database identi-
fications on the same sample and is used for identification for
following, related experiments. The method outperforms
standard database search engines in terms of speed and
ability to discriminate good and bad hits, but this method is
not a discovery tool.

The best case scenario in terms of identification would be
to use only the mass information of a peptide as a unique
signature. Such approaches have already been described by
Zubarev and colleagues [64] and later on by Conrads and co-
workers [65] as the “accurate mass tag” (AMT) approach. In
this technique, identification is only based on the peptide
mass and high resolution instruments are needed providing
sub-ppm mass accuracy (0.1 ppm). But even with such
accuracy, only in small eukaryotic systems (e.g., yeast) high
levels of confidence in protein identifications can be achieved.
However, as the genomic, and thus, the proteomic, complexity
of an organism increases with higher organization, the ability
to identify proteins (or peptides) on the basis of mass
measurements alone decreases. Until mass spectrometers
will be capable of low ppb mass accuracy, additional informa-
tion such as isoelectric point or LC elution time are needed to
confidently identify a protein without using tandem mass
spectrometry [66-68|.

Liquid chromatography and tandem mass spectrometry
have become the preferred methods to conduct large-scale
characterization of proteomes. Several completely automated
MS/MS search engines are available that enable the submis-
sion of extremely large amounts of experimental data.
However, one of the major problems of such sequence search
engines is that they return false positive results and research-
ers have to find ways to distinguish between correct and
incorrect peptide identifications. In the case of small datasets,
this can be achieved by manually verifying and validating the
spectrum-to-peptide assignment. However, in the case of
large datasets containing tens of thousands of spectra, such a
time-consuming approach is not feasible. In these more and
more contemporary cases, researchers separate correct from
incorrect matches by using filtering criteria based upon
database search scores or properties of the assigned peptide
[44,69,70]. However, the number of rejected correct identifica-
tions (true negatives, sensitivity loss) and accepted false
identifications (false positives, increased error rate) are not
known applying such filtering criteria. Moreover, it remains
elusive how those numbers are affected by sample prepara-
tion, mass spectrometer type and spectrum quality. Finally,
these filtering criteria are differently applied from one
laboratory to another, which renders comparison and cross-
evaluation of the results difficult. Today, two main
approaches have arisen to respond to this problem: the first
is based on a robust and accurate statistical model to assess
the validity of peptide identifications made by MS/MS and
database search as exemplified by PeptideProphet and Pro-
teinProphet in the Trans-Proteomic Pipeline [12,13]. Each
spectrum-to-peptide assignment is evaluated with respect to

all other assignments in the datasets including necessarily
some incorrect assignments. The method applies machine-
learning techniques employing different parameters such as
scores and peptide properties and it computes for each
spectrum-to-peptide assignment a probability of being cor-
rect. The second strategy relies on database search using a
target-decoy database [51,71-73]: first an appropriate “target”
protein sequence database is generated and then, a “decoy”
database preserving the general composition of the target
database while minimizing the number of peptide sequences
in common (generally done by reversing the target protein
sequence) is created. The search is done against both the
target and the composite database. Assuming that no correct
peptides are found in both the target and decoy entities and
that incorrect assignments from target or decoy sequences are
equally likely, one can estimate the total number of false
positives (FPs). In any case, neither one of the approaches can
claim to remove all false positives but they both empower
researchers to have a direct estimate of FPs according to the
filtering criteria used, which ultimately helps sharing, com-
paring and publishing data in a more objective manner.

For an extensive review on this topic, readers are referred
to the following publications [74,75].

5. Quantification approaches and tools

As previously described, a large toolbox of analytical methods,
instruments and algorithms is available to identify and char-
acterize proteins. However, the mere identification of a protein
expressed in a biological system is not sufficient to answer most
biological questions because quantitative answers are more and
more required (e.g. comparison of protein expression level
between to biological conditions (control us. case).

Quantitative information comes in two forms, the relative
change in protein amount between two states or the absolute
amount of the protein in a sample determined, for example, in
ng ml~! of abiomarker or the copy number of a protein per cell.
Relative quantification defines the amount of a protein relative
to another measure of the same protein in another state (e.g.
protein expression changes after drug treatment). In principle,
absolute quantification encompasses both absolute and rela-
tive comparisons, if the absolute amounts of the proteins are
known for both samples.

All current proteomic methods that quantify unknown
proteins are relative methods. Absolute quantification of pro-
teins can be achieved with isotopically labeled synthetic peptides
and mass spectrometry, a method known as AQUA [76]. The
availability of such peptide in accurately known amounts is a
limitation to the widespread utilization of this method. An
elegant way to partially overcome this limitation is the QCAT [77]
or QconCAT [78] technique in which an artificial gene is used for
expression, labeling and purification of a corresponding artificial
protein, which represents a concatemer of tryptic peptides for
several known proteins (Table 1). However such method requires
the foreknowledge of the target proteins and preparation of
isotopically labeled synthetic peptide for each targeted protein.
Because of the Boolean nature of MS peptide detection, so called
“proteotypic” peptides — peptides optimally representing the
protein in terms of chromatography and MS behavior and beinga
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Table 1 - Summary of currently available gel-free strategies for quantitative proteomics

Target Name of method or reagent Isotopes References

Metabolic stable-isotope labeling

None *N-labeling (**N-ammonium salt) BN (82,83]
Stable isotope labeling by amino acids in cell culture (SILAC) D, 3¢, N [84]
Culture-derived isotope tags (CDIT) D, *c, N [90]
Bioorthogonal noncanonical amino acid tagging (BONCAT) No isotope [91]

Isotope tagging by chemical reaction

Sulfhydryl Isotope-coded affinity tagging (ICAT) D [92]
Cleavable ICAT B¢ [141-143]
Catch-and-release (CAR) B¢ [93]
Acrylamide D [144]
Isotope-coded reduction off of a chromatographic support (ICROC) D [145]
2-vinyl-pyridine D [146]
N-t-butyliodoacetamide D [147]
Iodoacetanilide D [147]
HysTag D [148,149]
Solid-phase ICAT D [150]
Visible isotope-coded affinity tags (VICAT) 3¢, C and N [151]
Acid-labile isotope-coded extractants (ALICE) D [152]
Solid phase mass tagging B¢ [153]

Amines Tandem mass tag (TMT) D [154]
Succinic anhydride D [155]
N-acetoxysuccinamide D [156]
N-acetoxysuccinamide: In-gel Stable-Isotope Labeling (ISIL) D [157]
Acetic anahydride D [158]
Proprionic anhydride D [159]
Nicotinoyloxy succinimide (Nic-NHS) D [160]
Isotope-coded protein labeling (ICPL,Nic-NHS) D [94]
Phenyl isocyanate D or 3C [161]
Isotope-coded n-terminal sulfonation (ICens) 4-sulphophenyl isothiocyanate (SPITC) **C [162]
Sulfo-NHS-SS-biotin and 13C,D3-methyl iodide 13C and D [163]
Formaldehyde D [164]
Isobaric tag for realtive and absolute quantification (iTRAQ) 3¢, N and 0 [95]
Benzoic acid labeling (BA part of ANIBAL) e [98]

Lysines Guanidination (O-methyl-isourea) mass-coded abundance tagging (MCAT) No isotope [165]
Guanidination (O-methyl-isourea) 13C and N [166,167]
Quantitation using enhanced sequence tags (QUEST) No isotope [168]
2-Methoxy-4,5-1H-imidazole D [169]

N-terminusprotein Differentially isotope-coded N-terminal protein sulphonation (SPITC) B [170]

N-terminuspeptide N-terminal stable-isotope labelling of tryptic peptides (pentafluorophenyl-4- D or *C [171]
anilino-4-oxobutanoate)

Carboxyl Methyl esterification D [96]
Ethyl esterification D [97]
C-terminal isotope-coded tagging using sulfanilic acid (SA) B¢ [172]
Aniline labeling (ANI part of ANIBAL) 226 [98]

Indole 2-nitrobenzenesulfenyl chloride (NBSCI) B¢ [173]

Stable-isotope incorporation via enzyme reaction

C-terminuspeptide Proteolytic **0-labeling (H3°0) 80 [99, 100, 104, 174]
Quantitative cysteinyl-peptide enrichment technology (QCET) 80 [175]

Absolute quantification

None Absolute quantification (AQUA) D, 3¢, N [76]
Multiplexed absolute quantification (QCAT) D, 3¢, N 771
Multiplexed absolute quantification using concatenated signature (QconCAT) D, *c, N [78]
Stable Isotope Standards and Capture by Anti-Peptide Antibodies (SISCAPA) D, 3¢, N [176]

Label-free quantification

None XIC-based quantification No isotope [112,113]
Spectrum sampling (SpS) No isotope [108,177]
Protein abundance index (PAI) No isotope [109]
Exponentially modified protein abundance index (emPAI) No isotope [111]

Probabilistic peptide scores (PMSS) No isotope [178]
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unique identifier - have to be synthesized to ensure absolute
quantification [79,80]. However, use of this technique for
proteome/protein discovery approaches is precluded as previous
knowledge of the sample is needed to synthesize all these
peptides.

Initially, quantitative and comparative proteome analysis
was performed with 2D-PAGE. The staining pattern of proteins
from two samples run separately on different gels (with
replicate gels for each sample) are compared and “up-“ or
“down-regulated” proteins identified by difference in protein
spot intensities. A rough estimate of the relative abundances of
each protein within the sample is obtained. However, as already
described in Section 5, 2D-PAGE has limitations such as low
resolution, low dynamic range, bias against categories of
proteins (e.g., membrane proteins) and low reproducibility of
the gels. The last limitation has been largely solved by
differential imaging gel electrophoresis (DIGE) where control
and case samples are labeled with different fluorescent dyes
and then run and compared on the same gel [81]. While still
producing excellent results, “gel-based” quantitative proteo-
mics has been largely superseded by “gel-free” MS-based
quantitative proteomics approaches where quantification is
performed using the mass spectrometric data. Similar to the gel
approach, where per se the protein staining intensity within a
gel is not proportional to the amount present within sample, in
both MALDI- and ESI-MS the relationship between the amount
of protein present and the measured signal intensity is complex
and incompletely understood. Moreover the reproducibility of a
peptide/protein signal between different runs is also complex.
Therefore mass spectrometers are inherently poor quantitative
devices and techniques to alleviate this problem were needed.

A first solution came with the technique of stable-isotope
dilution. This method makes use of the fact that pairs of
chemically identical molecules (in this case peptide pairs), but
with different stable-isotope composition (**C instead of **C,
’H instead of 'H, 0 instead of '°0 or »*N instead of **N) can be
differentiated in a mass spectrometer owing to their mass
difference only. Thus the ratio of signal intensities for such
peptide pairs should be a direct and accurate measure of the
abundance ratio between the two peptides/proteins derived
from two different biological conditions. Three main
approaches exist today (Table 1), which are: (i) metabolic
stable-isotope labeling, (ii) isotope tagging by chemical reac-
tion and, (iii) stable-isotope incorporation via enzyme reaction.

One metabolic stable-isotope technique uses *N-ammo-
nium salt to achieve complete labeling of all amino acids within
the cells — every observable peptide is therefore quantifiable
[82,83]. However, there are two major caveats: (i) the mass
difference introduced between labeled and unlabeled peptides
depends on the amino acid sequence and peptide identification
program that can handle this correctly are rare [75]; (ii) the need
for highly enriched nitrogen to avoid partial labeling.

The second metabolic method is stable-isotope labeling by
amino acids in cell culture (SILAC) [84], in which amino acids
containing stable isotopes, like arginine with six **C atoms, are
supplied in growth media. Several amino acids have been used
like leucine (deuterated from), which labels 70% of tryptic
peptides [85], or simultaneously lysine and arginine, with
subsequent tryptic digestion resulting in labeling of all
peptides but the C-terminal peptide [86]. A principal advan-

tage of metabolic labeling over chemical labelingis the earliest
possible introduction of the label into the live cells, immediate
pooling of case and control and the concomitant reduction of
parallel sample preparation bias. The absence of “harsh”
chemistry and side reactions is also an advantage. While these
methods can only be applied to cultured cells like bacteria or
yeast, recently these organisms have in turn been fed to small
multicellular organisms such as Caeonorhabditis elegans, Dro-
sophila melanogaster [87], plants [88] or even a rat by using **N-
labeled algae [89].

Even more promising is the pair-wise comparison between
cultured cell lines and dissected tissues [90]. In this case, a cell
line derived from the tissue in question is labeled with SILAC
and then spiked into both tissue states (e.g. healthy uvs.
diseased tissue) to serve as an internal standard and
independent reference for both conditions. Thus, if the two
ratios (healthy tissue vus. internal standard and diseased tissue
us. internal standard) obtained with the internal standard are
different, it directly reflects a change in protein expression
between compared tissues. Finally, a recently introduced
technique called bio-orthogonal non-canonical amino acid
tagging (BONCAT) [91] allows to specifically identify newly
synthesized proteins based on co-translational introduction of
azide groups into proteins, chemoselective tagging of these
azide-labeled proteins and subsequent capture with an
affinity tag.

A wide variety of isotopically labeled chemicals has been
reported (Table 1). All chemical reagents are targeted toward
reactive sites on a protein or peptide and the two proteomes to
be compared are labeled with the light and heavy reagent,
respectively. Isotope-coded affinity tagging (ICAT) [92] was the
first approach described in 1999 by Gygi and co-workers. The
reagent consists of a reactive group that is cystein-directed, a
polyether linker region with eight deuteria and a biotin group
for avidin purification of labeled peptides. Due to compro-
mised co-elution of deuterium-tagged and natural hydrogen
peptides, and MS fragmentation problems (large tag) with this
first ICAT version, a new version was developed with an acid
cleavable site and *C atoms instead. Recently, Gygi and
colleagues have described a new method called catch-and-
release (CAR) [93] that makes use of a cystein-directed
reductively cleavable reagent. The tag features a novel
disulfide moiety that links biotin and a thiol-reactive group.
The disulfide is resistant to reductive conditions during
labeling but readily cleaved with tris-(2-carboxyethyl) phos-
phine (TCEP), therefore simplifying sample handling proce-
dures and reducing non-specific interactions during avidin
purification.

Several strategies have been reported that target amines of
which two have been applied to experimental biology. The
first, isotope-coded protein labeling (ICPL) [94], targets all
amino groups at the protein level using nicotinoyloxy
succinimide (Nic-NHS) as the reagent. The second, isobaric
tag for relative and absolute quantification (iTRAQ) [95], uses
the same NHS chemistry as ICPL, but adds an innovative
concept, namely a tag that generates a specific reporter ion for
quantification in MS/MS spectra (mass 114, 115, 116, 117) but
with isobaric mass at MS level. Therefore, mass spectra are
relatively simple and differential behavior is only reported
after fragmentation. Moreover, multiplexing (currently eight-
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plex) is an interesting feature as it allows comparing more
than two conditions.

Carboxylic groups have also been labeled using either methyl
[96] or ethyl [97] esterification at the peptide level. However, both
methods use deuterium atoms and bear the risk of chromato-
graphicdiscrimination and the mass offsets of 2 Da (methyl) and
4 Da (ethyl) poses problems of isotopic overlap of the peptide
pairs. Recently, our group introduced a new technique called
ANIBAL [98] to label amino and carboxylic groups at the protein
level using two symmetrical tags with 6 times *>C and alleviate
the previously mentioned caveats.

A clear advantage of all these chemical approaches is the
multitude of available functional groups in proteins allowing
designing almost any kind of quantitative tag. Possible enrich-
ment is also an asset as it allows reducing sample complexity
without loosing quantitative information. However, reactions
have to be specific, proceed to completion and involve minimal
sample handling. Side reactions are problematic, too, as they
considerably increase the sample complexity. Despite these
constraints, chemical stable-isotope labeling has produced
most of the quantitative proteome data mainly due its chemical
versatility and certainly because of its applicability to any
biological sample as opposed to metabolic labeling.

Stable isotopes can also be introduced into the peptide by
different proteases such as Trypsin, Lys-N or Glu-C [99-101]. The
digestion is performed in H30 water and enzymatic oxygen
exchange occurs at the carboxyl group of the generated
peptides. The advantage of this method is its versatility
(virtually any protease-generated peptide is labeled), its applic-
ability to low sample amounts and almost unlimited compat-
ibility with sample preparations. On the other hand, the labeling
is performed only at peptide level, and samples have to be
processed in parallel until these peptide are generated. One or
two oxygens can be exchanged leading to variability in peptide
spacing and the mass offset of 2 Da is not sufficient to separate
the isotopic envelopes. Recent modifications such as post-
digestion incubation of peptides in small volumes of H3®0 or
deactivating the protease through reduction/alkylation have
addressed these issues [102-104].

As outlined, a large number of stable-isotope-based quan-
tification methods are available. However, if such experiment
is undertaken, one needs to be able to quantify thousands of
labeled peptides using automatic tools capable of extracting
the intensity for both peptides of a pair and report a protein
ratio based on all identified and quantified peptides. Even
more important, such tools should be able to process data from
different instrument manufacturers (compared to software
specific to the instrument of acquisition) and should also be
able to accept result input from different search engines
(Mascot, SEQUEST, X!Tandem, OMSSA, Phenyx, etc.) for
optimal sample analysis and comparison. Several open-source
softwares have been developed by scientific laboratories
performing large-scale quantitative proteomic experiments
(Table 2) and in general each of them has been developed
according to supported instruments or database search algo-
rithms. Only the Trans-Proteomic Pipeline (TPP as previously
described in Section 6 for statistical validation of database
searches) supports almost all instrument types by transform-
ing all proprietary formats to an open-source format - mzXML
[105] - that can be read and processed by any computer. The

most frequently used algorithms for database search such as
Mascot, SEQUEST, X!Tandem or Phenyx are supported as input
for subsequent quantification. Two tools — Xpress [70] and
ASAPRatio [106] - quantify at MS level and can cope with any
labeling strategy for which labeled amino acids are specified
and another tool - Libra - is available for quantification at MS/
MS level as required for iTRAQ data.

Recently, new promising approaches have emerged that do
not use labeling and stable isotopes to obtain quantitative
information and these are described as “label-free”. A first
strategy is based on peptide match score summation (PMSS)
[107]. The method is based on the assumption that a protein
score is a sum of identification scores of its peptides and that a
high protein score is correlated with a higher abundance, thus
yielding semi-quantitative information. Another very similar
approach relies on the counting of spectra identifying a
protein and is named spectrum sampling (SpS) [108]. Protein
abundance indices (PAIs) represent another related method
and are believed to be more reliable as they are based on
observable parameters. For example, the number of peptides
identifying a protein increases with increasing protein
amount. As a larger protein will statistically generate more
measurable peptides than a smaller one, a simple PAI can be
derived by normalizing the number of observed peptides with
the number of observable peptides for the protein under
consideration [109,110]. Ishihama and colleagues have
described an exponentially modified PAI (emPAI) by observing
a logarithmic relationship between the number of peptides
observed and the protein amount within given sample [111].

Unfortunately, it is not possible to predict the MS detector
response to a particular peptide because of unknown extrac-
tion and peptide ionization properties and, therefore,
extracted ion currents (XICs) from different peptides of the
same protein are also very different even if they are present at
the same concentration.

Although directly comparing intensities between different
peptides is not possible for the reasons previously mentioned.
These sources of error do not apply when comparing the same
peptide in different chromatographic runs using identical
experimental conditions. Thus two proteomes can be compared
when analyzed one after the other and in exactly the same way
[112,113]. Software exists to extract the intensities of the same
peptide observed in two separate runs to compare and
determine their relative abundance (e.g. MSight [114], SuperHirn
[115], MapQuant [116], SpecArray [117] or VEMS [9-11]). A clear
advantage of such method is the absence of any label and the
applicability to any type of instrument. Clear disadvantages are
the multiple occasions for quantification error to occur during
parallel sample processing, analysis and the need for very
accurate and reproducible LC and MS runs.

6. Proteomics —future directions

Proteomics will further progress and deliver as the related
instrumentation advances, the analytical strategies mature
and as it is combined with complementary technologies. The
methods for biochemical sample preparation and fractiona-
tion (depletion, enrichment, gel-, LC-and GeLC separation) are
manifold and already quite efficient. Mass spectrometers have
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Table 2-Summary of open-source softwares available for quantification in stable-isotope-based quantification

experiments

Name MS Environment Reference Comment
level
MSquant MS* Windows [179] Support QSTAR, LTQ-FT & Qtof instrument using a Mascot input file. Web: http://

msquant.sourceforge.net/

ZoomQuant MS* Windows - Developed for 0 labeling and support Sequest search with Thermo instrument. Web:
http://proteomics.mcw.edu/zoomquant/

TOPP MSt Linux [180] A series of module to analyse proteomics data and perform quantification. Support most
instrument format, mzXML and mzData. Only Mascot supported for the moment. Web:
http://open-ms.sourceforge.net/index.php

Xpress Ms* Windows [70]

(cygwin) and
Linux
ASAPRatio MS* Windows [106] Part of the Trans-Proteomic Pipeline (TPP). Support almost any instrument type. Mascot,
(cygwin) and SEQUEST, X!Tandem and Phenyx results are supported as input. Web: http://tools.
Linux proteomecenter.org/XPRESS.php. Web: http://tools.proteomecenter.org/ASAPRatio.php.
Web: http://tools.proteomecenter.org/Libra.php
Libra MS? Windows -
(cygwin) and
Linux
i.tracker MS? Window and [181] Takes MGF or OUT files as only input for quantification.Ratio can then be linked to
Linux Mascot or SEQUEST results. Web: http://www.silsoe.cranfield.ac.uk/dasi/download/
itracker.htm
MFPaQ Mst Windows [182] Takes mascot (DAT) result files as input for parsing and Analyst Wiff files for

quantification. Web: http://mfpaq.sourceforge.net/

Needs Thermo files, Xcalibur installed and DTASelect to extract data in the correct

Linux format for RelEx. Web: http://fields.scripps.edu/relex/

Uses mzXML files from WIFF, RAW and BAF files with Mascot, Sequest and X!Tandem

result files to create a Multi-Q file for further validation and quantification. Web: http://
ms.iis.sinica.edu.tw/Multi-Q/index.jsp

Windows and  [185,186] Uses mzXML files and Sequest DTASelect files for processing and quantification Web:

RelEx Mst Windows and ~ [183]
Multi-Q MS? Windows [184]
ProRata Ms?
Linux http://www.msprorata.org/
VEMS Ms* Windows [9-11]

Supports Micro Mass, mzXML and VEMS raw format to perform database search,

processing and quantification. Web: http:/yass.sdu.dk/

seen quantum leaps in sensitivity and accuracy and more of
these can be expected. Informatics for data processing has
evolved and will further improve to tools not only for data
processing, but also for data validation and correlation. This
said the complexity and dynamic range of a mammalian pro-
teome can most likely not be met solely by developments at
technical level.

We believe that proteomics will largely benefit from
developments beyond technical improvements of its essential
building blocks, i.e. separation means, mass spectrometers
and software. These developments mean essentially the inte-
gration of proteomics with other comprehensive molecular
biology disciplines and should encompass (i) improved
analytical strategies; (ii) the integration of proteomics with
transcriptomics and metabolomics; (iii) the consideration of
genetics in Omics-driven biomarker studies; and (iv) the con-
sideration of regulation at transcriptional, translational, post-
translational and at (v) epigenetic level.

(i) The establishment and use of indicative cellular and
animal models and specific samples derived thereof is
key for the initial discovery phase [4]. We need down-
stream assays for ex vivo and in vivo validation, that are
less broad but more sensitive and specific and can
therefore afford to be less invasive than proteomics-
based methods. This translation will determine much of

the success of proteomics for future biomarker studies.
In other words: the earlier the study phase, the more
invasive one can and the closer to the expected signal
one should be (e.g. by analyzing tissues), whereas
candidate markers derived from this phase must be
validated in robust assays performed on readily acces-
sible samples (e.g. urine or plasma) [4].

Besides these choices of model, subject and sample and
a separation of the discovery from the validation phase,
a paradigm change on how to perform the proteomic
experiment emerges: Anderson [118] and also Aebersold
[80] promote a multiple-reaction-monitoring (MRM)
strategy of protein quantification focused on a defined
proteome subset and based on proteotypic peptides
(PTPs). This strategy, also termed “multiplexed MS-
ELISA” because of its specificity and sensitivity for a
target set of proteins [36], is opposed to the classical
“shotgun” way of identifying and quantifying as many
proteins as possible. The latter has often turned to be
redundant and under-sampling, and may therefore not
be suitable for a near-to-complete coverage of a given
proteome. Classical, high-performance shotgun proteo-
mics can deliver up to 2000 or more protein identities, a
number still below the one of predicted proteins of a
microbe for example. While being less comprehensive,
the MRM-PTP strategy appears to be more sensitive: low
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attomolar amounts of proteins, or - in other terms - 50-
250 copies per cell (depending on the degree of frac-
tionation prior to LC-MS/MS) appear to be amenable to
identification and quantification in complex samples
[119]. But the “MS-ELISA” comes at the expense of being
a targeted approach, which depends on stable-isotope
labeled peptides as internal standards for each protein
of interest. In a near future, one could imagine that a
complete understanding of what makes a peptide
proteotypic, as already started and described by Mallick
et al. [80], should allow in silico prediction of all these
peptides from gene/protein sequences. Therefore, those
targeted approaches could be transformed back into
discovery strategies by synthesizing whole stable-iso-
tope peptide libraries of predicted peptides (e.g AQUA
peptide libraries [76]).

Apart from improvements directly related to the
technology itself, the success of proteomics will in our
opinion largely depend on the integration with other
Omics platforms, i.e. transcriptomics and metabolo-
mics [19] and genotyping [120]. Seeking causality
between events at gene and protein expression and
metabolic breakdown level can provide deeper insights
into mechanisms and may provide more consolidated
biomarker profiles by spanning all three Omic levels.
While such Omics correlation is appealing and an
element of Systems Biology (see below), the challenge
is how to correlate transcript, protein and metabolite
events, the interrelated timing of which is difficult to
dissect: depending on the biological question under
scrutiny, it may not be obvious how to best time the
sampling for transcriptomics, proteomics and metabo-
lomics, respectively [121]. Furthermore, software tools
for correlating Omics data still need to mature, although
there are promising examples (e.g. SBEAMS [http://
www.sbeams.org/]). A recent example of how bioinfor-
matics can identify regulatory nodes in networks that
were neither detected at transcript nor at protein level
was given by Grafstrom et al.: the group investigated
epithelial cell lines as models for different stages of
cancer and the bioinformatics correlation of transcript
and protein data revealed a transcription factor as com-
mon regulatory motif explaining the observed changes
at gene chip and proteomic level [122].

A third means of improving the diagnostic and prog-
nostic power of proteomic biomarkers is, besides the
above discussed technology improvements and Omics
integration, the consideration of genetic disposition.
Single-nucleotide polymorphisms (SNPs) can directly
alter protein concentration, structure and function, if
they are present in protein-coding gene sequences. This
shall be illustrated with a nutritionally relevant exam-
ple: Siffert et al. have identified and characterized
metabolically relevant SNPs in G proteins, the latter
representing an important “funnel” of cellular signaling.
These polymorphisms predispose individuals of differ-
ent ethnicity to having a higher risk of developing
hypertension, atherosclerosis, metabolic syndrome or
functional dyspepsia [123,124]. As a consequence,
nutritional intervention studies to prevent or alleviate

symptoms of these conditions should take this genetic
disposition into account for subject selection, cohort
definition and monitoring the outcome of such a study
at different Omic levels. Also in the field of direct DNA
analysis, as exemplified with SNPs, mass spectrometry
is becoming an important analytical player due to the
high-throughput capabilities of such instruments
[125,126].

While genetics will further empower Omics-driven
approaches to better understand biology, it is important
to admit at this stage, that the various other levels of
biological regulation have not yet been included in this
consideration: apart from transcriptional regulation,
translational and post-translational contributions add
complexity to the understanding of the dynamic behavior
of a cell for instance. Addressing this problem, Lu et al.
recently published an absolute protein expression profil-
ing study, based on which they could estimate the relative
contributions of transcriptional and translational gene
regulation in the yeast proteome [127]. Regulatory levels
that are not genetically encoded like post-translational
modifications (PTMs) such as protein phosphorylation
and glycosylation cannot be addressed by genomic means
but need to be tackled by large-scale biochemical techni-
ques, most of which rely on mass spectrometry. While
examples for large-scale MS studies of phosphorylation-
based regulation exist [34,128,129], the disciplines glyco-
mics and glycoproteomics have not yet achieved compar-
able throughput as the analysis of the enormous variety of
glycans (both free and protein-bound) is analytically more
challenging [130,131]. N-glycans encompass a large vari-
ety of complex structures and render structure elucidation
difficult, and O-glycans are often subjected to fast changes
much like phosphorylation.

Apart from modifications of expressed proteins, epige-
netic regulation like DNA methylation (gene silencing)
and histone acetylation (chromatin structure) should
ideally be included in Systems Biology studies, as these
mechanisms strongly influence gene transcription and
expression. Remarkably, MS-based proteomic methods
have started to contribute also in this regard: the Jensen
group presented a quantitative analysis of human histone
PTMs [132] whereas Bonenfant et al. focused on the
histone codes of H2A and H2B variants [133].

(iv

-

=

Transcriptomics, Proteomics and Metabolomics and their
correlation form an integral data source for Systems Biology.
The term Systems Biology remains, however, loosely defined
[134]. In our opinion, Systems Biology is the comprehensive
understanding of all components, their interactions and dy-
namic behavior in a biological system, be it a cell, an organ, an
organism or even an ecosystem, like the human intestine with
its 500 to 1500 bacterial strains residing inside [135]. While
Systems Biology approaches typically study these systems
under different conditions/perturbations in order to learn
more about their dynamic response, the data describing this
behavior should ultimately enable the modeling of such a
system and the prediction of its reaction towards external
stimuli. Impressive examples of such models are the E-Cell,
i.e. the in silico model of a cell [136-138] and the establishment
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of an in silico network of neurons representing a simplified
model of the brain [139]. In the latter case, neurons are
modeled based on e.g. in vitro data of ion channel expression
levels because these ion channels are major players in signal
exchange between neurons.

Proteomics will continue to play a major role in Systems
Biology, as it not only can identify and quantify the “molecular
robots” that do all the work in biological systems, but also can
map the networks of their physical interactions, among each
other and with nutrients, drugs and other small molecules. An
impressive example of such a thematic network establish-
ment has been given by Bantscheff et al.: the group revealed
mechanisms of action of clinical kinase inhibitors by mass
spectrometric profiling of small-molecule interactions with
hundreds of endogenously expressed protein kinases [140].

One cannot study everything at once. In order to stay
pragmatic, Systems Biology, despite being per definition compre-
hensive, has to deal with biological (sub-)systems (cells, orga-
nelles) or certain pathways and must elucidate aspects of their
dynamic behavior in order to further deliver proofs of concept at
somewhat limited complexity. However, we believe that inte-
grated Omics linked with genetics can already provide systems-
like insights into biological contexts and provides a reasonable
data source for the developing field of Systems Biology.
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