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Abstract: With the advent of whole genome sequencing, large-scale proteomics has rapidly come to dominate the post-
genomic age. As such, tandem mass spectrometry has emerged as the most promising and powerful technique in this area
but analysis of raw spectra remains one of the principle bottlenecks to making effective use of the technology. Analytical
approaches for identifying proteins from MS/MS data fall into two categories: comparing measured fragment spectra to
theoretical spectra from sequence databases and de novo peptide sequencing. Available methods still have weaknesses,
highlighting the need for new powerful algorithms that are able to exploit the enormous volume of data generated by pro-
teomic experiments. Recent efforts have also been directed towards the identification of post-translational modifications,
biomarker discovery and quantitative proteomics. Overall, the intended goal of this review is to give as thorough as possi-
ble an overview of state-of-the-art approaches and tools developed to analyze tandem mass spectra in different fields and
discuss future directions aimed at overcoming the limits of present methods.
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1. INTRODUCTION

After the historic '‘completion’ of the human genome se-
quencing in 2000, the scientific community has been cata-
pulted into the post-genomic era and a multitude of so-called
‘omics’ approaches have arisen to exploit the avalanche of
genomic sequences. One of the most prominent of these is
certainly proteomics, which aims to take advantage of ge-
nome information to study all the proteins in a cell or organ-
ism. Proteomics has been hampered by an imperfect correla-
tion between predicted open reading frames (ORFs) and true
coding genes. However, since the real business of cells is
largely carried out by proteins rather than nucleic acids, our
understanding of biology depends on us overcoming this and
other limitations to unravel protein function. Thanks to con-
tinued technological improvements in mass spectrometry,
proteomics is now at a high throughput stage and is going
through the same critical phase that genomics went through
in data management and interpretation.

To introduce the reader to the mass spectrometry land-
scape, we will first provide a technical overview of current
instrumentation, followed by the basic aspects of peptide
mass spectrometry such as patterns of peptide fragmentation
(tandem MS) and the determination of peptide charge state.
The bulk of this review will then be dedicated to tandem
mass spectra interpretation by either database matching or de
novo sequencing, highlighting weaknesses of current meth-
ods and future areas of development. We will conclude with
a discussion of three areas we believe will be the major foci
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in the next few years: biomarker discovery, identification of
post-translational modifications and protein quantitative
measurements. Throughout this text we have endeavored to
discuss all publicly available bioinformatic tools currently
used in proteomics but some may have been accidentally
overlooked.

1.1. Proteomics World

A proteome is defined as the complete set of proteins,
including those that are alternatively spliced and post-
translational modified, that is expressed in the lifetime of a
cell. It is also used in less general sense, to represent the
complement of proteins expressed by a cell or organelle at
any one time [1]. Thus, proteomics is the study of all pro-
teins in a particular state or condition of a cell or organelle.
The last few years have seen a steady expansion of pro-
teomics applications to cover everything from cell biology
and biochemistry to clinical diagnostics and several areas in
between [2-19] (Table 1). The reader is referred to other
sources for reviews of these topics [20].

1.2. Mass Spectrometry Technology and Instrumentation

Mass spectrometry is now a fundamental platform for
proteomic research, thanks to its unsurpassed capacity for
accurate protein identification and quantitation. In its sim-
plest description a mass spectrometer measures the mass-to-
charge ratio (m/z) of ionized molecules and its basic compo-
nents are represented in Fig. 1. In principle, any ionizable
molecule can be measured in a mass spectrometer but we
will focus on peptides and proteins for the purpose of this
review. Peptides are introduced into a mass spectrometer at
the ion source in the form of liquid solutions (or solid mix-
tures), then desolvated (or desorbed from the matrix) and
transferred into the gas phase as gas-phase ions. This ioniza-
tion process is of primary importance since mass spectrome-
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Table1. Applications of Proteomics
Focus Ref.
Modification “omics” Study of post-translational modifications [8]
Organelle proteomics Cell organelle protein mapping [2,3]
Clinical proteomics Diagnosis of diseased status [4-17]
Interactomics Composition of protein complexes Protein-protein interaction networks [18,19]

ters can only measure charged species. There are two princi-
ple methods used for ionizing peptides: electrospray ioniza-
tion (ESI) and matrix-assisted laser desorption ionization
(MALDI).

The electrospray process was first described by Fenn and
co-workers in 1985 [21,22]. Essentially, an acidic solution
containing the analytes is sprayed through a thin needle kept
at high voltage into the ion source where the analyte ions are
transferred into the gas phase after solvent evaporation. At
low pH and positive voltage, peptides are protonated at the
N-terminal amine moiety and at the basic side chains of ly-
sine, arginine and histidine residues. As a result, multiply
charged peptides are formed and this is a unique feature of
electrospray ionization (ESI) compared to other MS ioniza-
tion techniques. Matrix-Assisted Laser Desorption/lonization
(MALDI) was first described by Karas in 1988 [23]. Pep-
tides are mixed with a solution (matrix) containing an UV-
absorbing organic acid and deposited in well plates. Peptide

ions (mostly protonated) are produced by bombarding the
sample with short-duration (1-10 ns) pulses of UV light from
a nitrogen laser [24].

The most widespread mass analyzers are quadrupoles,
ion traps, Time Of Flight (TOF) and Fourier Transform-lon
Cyclotron Resonance (FT-ICR). Hybrid combinations of
these analyzers are very common, such as the triple-
quadrupole [25], quadrupole-time of flight (qTOF) [26], time
of flight-time of flight (TOF-TOF) and ion trap/FT-ICR. In
the triple-quadrupole configuration a precursor ion can be
selected in the first mass analyzer (Q1), fragmented in the
collision cell (Q2) and the resulting product ions separated
by scanning in the second mass analyzer (Q3). In Q2, colli-
sions between analyte ions and an inert gas produce frag-
ment ions that provide important structural information [27-
29].

In TOF analyzers ions are accelerated to high kinetic en-
ergy and enter a field-free region where each ion travels at a

Sample , Tonization . Mass ;
introduction source analyzer it E
Solid mixtures Quadrupolar Instrument
Infusion MALDI-TOF Ton-Trap data system
Coupling to LC EST Time of Flight
Static spray FT-ICR

nm
Mass spectrum

Fig. (1). Overview of a mass spectrometry system. The basic components of a mass spectrometry system here represented are: sample inlet,
ion source, mass analyzer, detector, vacuum system (dotted line), instrument-control and data analysis systems. The instruments used in pro-
teomic experiments are composed of different combinations of inlet systems, ion sources and mass analyzers. The inlet system drives analyte
molecules into the source, where gas-phase ions are generated and led into the mass analyzer through precise control of electromagnetic
fields. The behaviour of gas-phase ions in the electromagnetic field is in some way correlated with their m/z (mass over charge ratio).
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velocity inversely proportional to its m/z ratio [30] — in ef-
fect the time it takes to 'fly' a certain distance is the base
value that is measured. These analyzers can deliver resolu-
tions near 10,000 (measured as the Full Width of a peak at
Half its Maximum height, FWHM) and mass accuracies
down to 10 ppm while detecting as little as 10 fmol of a pep-
tide but require approximately one second to measure each
spectrum. For examples of clinical proteomics applications
of MALDI-TOF instruments (see ref. [31,32]). In three-
dimensional ion traps, radio frequency (RF) voltages are ap-
plied so that all ions initially oscillate inside the mass ana-
lyzer. lons at particular m/z values can then be selected and
fragmented by modulating the RF-voltage, and the fragments
scanned out and detected. By themselves ion traps have low
resolution and mass accuracy (near 500 FWHM and 500
ppm respectively) but are extremely sensitive (1 fmol) and
fast (spectra acquired in hundreds of milliseconds). FT-ICR
analyzers essentially trap ions in the core of a very strong
magnetic field that measures the precession of ions in a cy-
clotron resonance past a detector. The orbital speed of ions
in the ICR is proportional to their m/z and thus a fast Fourier
transform operation can be used to convert the measured fre-
quency to a mass spectrum. While slow (one spectra per sec-
ond), such detectors are able to measure m/z values more ac-
curately (<1 ppm) and with greater resolution (>100,000
FWHM) than any other method [33]. An Orbitrap detector
has been described more recently that uses a similar detec-
tion mechanism to FT-ICR but in the absence of a magnetic
field [34]. For a comprehensive review of mass spectrometer
technology the reader is directed to reference [35].

The four parameters alluded to above, resolution, mass
accuracy, duty cycle and sensitivity, determine the effective-
ness of a mass spectrometer. As has been mentioned, FT-
ICR detectors have by far the highest resolution and mass
accuracy but until recently have had such a slow duty cycle
as to render them useless for proteomic studies. lon traps, on
the other hand, have the fastest duty cycles (the speed with
which a cycle of MS and MS/MS spectra can be acquired)
and sensitivity but without careful validation their low reso-
lution and mass accuracy can easily lead to their data being
misinterpreted [36,37]. qTOF instruments have intermediate
specifications in each category and for many years have been
the workhorses of the more advanced proteomics laborato-
ries. The development of an ion trap/FT-ICR hybrid [38],
and even more recently of an ion trap/Orbitrap hybrid [36],
has revolutionized proteomics by combining the best fea-
tures of each component into one instrument. High mass ac-
curacy is extremely beneficial for database-dependent pep-
tide identifications because it reduces the number of se-
quence candidates [39]: FT-ICR and Orbitrap instruments
can determine the unique amino acid composition of a pep-
tide in many cases without even fragmenting them.

Regardless of the sub-specialty of proteomics, mass spec-
trometers can generate reams of mass spectra which all re-
quire interpretation to identify and quantify peptides. The
remainder of this review will focus on algorithms and soft-
ware developed to aid the analysis of these data.

2. GENERAL ASPECTS OF PEPTIDE FRAGMENTA-
TION

In tandem mass spectrometry (MS/MS) the physical
fragmentation process is a delicate step that influences the
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final spectrum quality and, consequently, its interpretation.
Various groups have attempted to unravel the underlying
physical events that should explain the peptide fragmentation
process from both the quantitative and qualitative aspects.

Most commercial MS instruments use a gas-phase
[40,41] collision-induced dissociation (CID) at low energy
(<100eV). The collisions of the inert gas impart enough en-
ergy to the peptide ions that they fragment in a pattern that
depends on both the collision energy used and the amino
acid composition of the peptide [40,42,43]. Low energies
preferentially cleave the peptide backbone bonds whereas
high energies generate complex MS/MS spectra that contain
additional fragments resulting from the dissociation of side
chains bonds and that can be difficult to analyze [44]. The
accepted nomenclature for the fragment ions formed in colli-
sion induced dissociation was proposed by Roepstorff [45]
and expanded by Biemann [46] (Fig. 2). The most abundant
fragments are usually b and y ions (Fig. 2), complementary
fragments derived from charge capture either on the N- or on
the C-terminus respectively [47]. For this reason most cur-
rent automated methods and algorithms consider only these
ions species. In quadrupole instruments y ions usually pre-
dominate, whereas in ion traps both y and b ions can be ob-
served.

There are many aspects of tandem mass spectra that must
be taken into account before a thorough interpretation of the
signals can be attempted. The widely accepted “mobile pro-
ton model” introduced by Dongré et al. [48] states that pro-
tons can migrate along the peptide backbone prior to frag-
mentation. Indeed, molecular orbital calculations have dem-
onstrated that protonation of the amide nitrogen weakens the
amide bond and can lead to fragmentation at this bond
[49,50]. The mobile proton model also explains the role of
remote competitive mechanisms (like the aspartic acid ef-
fect) when basic amino acid side chains sequester the proton.
These mechanisms seem straightforward but in practice the
number of observed fragments is always less than the theo-
retical number and the intensities of fragment peaks can vary
from spectrum to spectrum [51] so clearly there are other
factors at work. The reader is referred to the studies of Tabb
et al. and of Kapp et al. for a description of the state-of-the-
art statistical characterization of tandem mass spectra
[40,52]. For instance, certain peptide bonds seem more prone
to fragmentation than others and lead to signals of higher in-
tensity, whereas other fragments are never observed in
MS/MS spectra. In proline-containing peptides enhanced
bond cleavage is often observed at the amino-terminal side
of proline residues [42,50,53]. Paizs and Suhai pointed out
that an even more detailed understanding of MS/MS frag-
mentation mechanisms and of fragment ions abundances is
needed in order to improve protein identification through
bioinformatic tools [47]. Various studies have tried to pin-
point which factors are most important for interpreting frag-
ment spectra but there is still no agreement on what those
might be [40,54]. Such efforts have met with some success,
however, as a recent study demonstrated that a machine
learning approach could reduce the peptide identification er-
ror by 50-90% without any loss in sensitivity [54]. A web-
based interface to this approach, SILVER, has been devised
to assist manual curation of tandem mass spectra [55]. At-
tempts have also been made to predict the distribution of in-
tensities based on the mobile proton model [44] and a sepa-
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Fig. (2). The cleavage of the peptide ion occurs, preferentially, along the backbone bonds at low-energy collisions. The resulting two frag-
ments contain either the N-terminus or the C-terminus of the starting peptide. The standard nomenclature for the C-terminal fragments is X, y
and z whereas the corresponding N-terminal fragments are denoted as a, b and ¢ depending on the position where the breakage effectively
occur at the amide bond level. Ideally, the final result of the dissociation process is a heterogeneous population of all the possible fragments
species that can be obtained from a peptide. If the peptide is n-amino acid long and the y-ion series is considered, the resulting MS/MS spec-
trum should contain n-1 fragments that differ of one amino acid mass from each other. The numbering of each fragment starts from N-
terminus for (a,b,c) series and from C-terminus for (x,y,z) series. In tandem mass spectrometry the strongest signals derive from y-ions and

the corresponding b-ions.

rate model has been proposed to describe the peak distribu- 3. CHARGE STATE DETERMINATION
tion as a function of physical parameters like collision kinet-
ics and bond energies [56]. While tools for incorporating
fragment ion intensities do exist, the approach has yet to be-
come incorporated into widely popular MS/MS interpreta-
tion algorithms.

In a typical tandem MS experiment the first piece of data
that is collected about a peptide is the m/z of the precursor or
parent ion. Consequently, if the charge state of the ion is
known, the mass of the original peptide is equal to the num-
ber of charges multiplied by the mass difference between the
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observed m/z value in the spectrum and the proton weight
(H" = 1 Da) that confers a net positive charge of one to the
ion. In MALDI experiments peptides acquire only one pro-
ton and while this rule is not absolute, it is a very good first
approximation and no independent determination is needed.
However, in electrospray ionization at low pH peptides typi-
cally acquire two or three protons (i.e., two or three charges)
but the number can vary widely depending on the size and
composition of the peptide so the charge state cannot be as-
sumed. For example, a peptide with 1500 Da molecular
weight will display m/z 1501 [M+H]" in MALDI, and might
display m/z 751 [M+2H]** or m/z 501 [M+3H]** in electros-
pray. The correct determination of the unknown charge state
of the peptide ion clearly influences the measurement of pep-
tide mass. In high resolution instruments like QTOFs or FT-
ICRs the charge state can be easily determined from an ex-
amination of the isotope cluster, the result of naturally occur-
ring heavier isotopes of the atoms comprising the peptide. Of
the elements commonly encountered in peptides (C, O, H, N)
the carbon isotope with one additional neutron, *C, is the
most abundant, occurring at approximately 1.1%. Therefore,
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in a peptide containing one hundred carbon atoms there is a
very good likelihood that one of them is **C. Extend this to
all potential isotopes of all elements in a peptide and the re-
sult is a cluster of peptides with the same amino acid compo-
sition that differ from one another by one m/z unit when sin-
gly charged, one half a m/z unit when double charged, etc.
(Fig. 3). It is this difference between the isotope peaks that is
exploited to determine the charge state in higher resolution
instruments.

Unfortunately the charge state inference based on isotope
distribution is generally not possible with low-resolution
mass spectrometers like ion traps, but given the high impor-
tance of accurate charge state assignment, several ap-
proaches have been proposed. In the pioneering work of
Mann et al. two algorithms were described for extracting
mass information from spectra containing multiply-charged
ions, thereby named the “averaging algorithm” and the “de-
convolution algorithm” [57]. Deconvolution, based on the
reasonable assumption that charge is quantal and can there-
fore only have integer values, transformed a cluster of multi-
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Fig. (3). MS spectrum of two different peptides acquired at 50000 resolution in a ion-trap-FT mass spectrometer. The doubly charged peptide
has m/z 551.82 (monoisotopic mass), whereas the triply charged has m/z 570.62 (monoisotopic mass). In general, depending on the molecu-
lar mass, the relative height of the isotopic peaks will show different ratios. In particular, with increasing mass the monoisotopic peak be-
comes less predominant (see the isotope envelope for a 1987 Da peptide in the inset). Arrows indicate the monoisotopic peak. When the iso-
tope cluster is resolved, the measured mass is based on the m/z of the monoisotopic ion. Indeed, as the exact elemental composition of this
ion is known, it represents the most accurate peptide mass measure. When the cluster can not be resolved, peaks from different isotopes col-
lapse into a single m/z peak with insufficient resolution and an average mass has to be calculated.



68 Current Bioinformatics, 2007, Vol. 2, No. 1

ply charged ions into a singly charged peak located at the
molecular mass of the parent compound. The performance
decreases with increasing mass due to increased peak multi-
plicity. The recently published Thrash algorithm is particu-
larly effective at identifying isotopic clusters and in deriving
mass values from complex electrospray spectra, thanks to the
implementation of several features such as the location of
isotopic clusters, resolving of overlaps, charge determina-
tion, least-squares isotopic abundance distribution-fitting and
a novel signal-to-noise calculation [58]. Isotopic clusters are
identified in “moving data windows” across the MS spec-
trum by considering user-defined intensity thresholds.

Accurate determination of the peptide m/z ratio is also
extremely important for avoiding errors in precursor ion
mass measurements that can lead to systematic errors in de
novo peptide sequencing (see below). The complementarity
of the b- and y-ion series has been proposed to identify the
right molecular weight of the parental fragment [59] and has
been further exploited to determine the ion charge state [60].
The method is based on the assumption that for each frag-
ment mass F;, its complement is calculated as G; = m(P) - F;
- d where m(P) is the parent peptide mass and d = m(y-ion) -
m(b-ion) is the difference of the offsets between y-ions and
b-ions. This difference is a constant that depends on the ion
series where F; and its complement G; are observed, since
complementary fragments in b and y series have a mass dif-
ference that depends on the charge state. The algorithm tries
to find all the possible complementary ions in the spectrum
and match them to different hypothesized charge states. The
correct charge state is predicted when the category that con-
tains the most abundant complementary ions is found.

Recently, a new method for the deconvolution of tandem
mass spectra and charge state assignment has been described
and called CRAM (Charge Ratio Analysis Method) [61].
The method identifies the charge state of multiply charged
ions without any prior knowledge of the nature of the
charge-carrying species that may be different from the pro-
ton H*. The theory is based on the observation that the ratio
of any two multiply charged ions ((R,)s and (R,),) approxi-
mately corresponds to the inverse ratio of their charges (z,
and zp) (equation 2). Since charges must be integer values,
the comparison with a pre-calculated table of all possible ra-
tios of integers reveals the charges of the two ions and the
mass (m) of the charge carrying species (equation 3). Conse-
quently the real ion mass (M) may be calculated (equation
1):

1) R, = (M % zm)/z R, is the mass-to-charge ratio of
the ion, m is the mass of the charge-carrying species,
M is the peptide mass and z is the charge number

2) (R)a ! (R)p = 2zy/ zza and b indexes are the two mul-
tiply charged ions

3) ((R)az-(R)pz) =% m (z5- zp).

In summary, the easiest method for determining charge
state is to simply use a higher quality mass spectrometer with
the resolving power to separate isotope clusters. In the ab-
sence of such an instrument though, the initial deconvolution
approach [57] or one of its later manifestations seems most
effective.

Forner et al.

4. PEPTIDE AND PROTEIN IDENTIFICATION:
METHODS AND STATISTICAL EVALUATION

Tandem mass spectrometers can now fragment several
thousand peptides per hour [62-64] and this level of data
production requires robust algorithms for effective and
timely interpretation. Current software tools are a balancing
act between statistically solid data on one hand and increased
peptide identifications on the other, with the latter usually
winning out. In general there are three distinct approaches
that have been developed for interpreting tandem mass spec-
tra [62,63,65-72]: a knowledge-based procedure where the
potential protein sequences are already known, an ab-initio
approach and the sequence tag methods (Fig. 4). The first of
these is also called the Shared Peak Count approach (SPC)
and involves database search methods that try to find the
highest similarity between experimental and theoretical tan-
dem mass spectra, the latter derived from protein sequence
databases. This approach is by far the most widely used de-
spite limits and drawbacks that will be discussed later. The
ab-initio methods, on the other hand, try to infer the peptide
sequence directly from tandem mass spectra considering the
typical fragmentation pattern and trying to reconstruct the
full-length peptide sequence after exploring all possible solu-
tions from the measured peaks. This approach suffers heav-
ily from a lack of both sensitivity and specificity and is still
time consuming from a computational point of view. The so-
called Peptide Sequence Tag approach (PST) is a hybrid
method that implements de novo sequencing algorithms and
sequence similarity searches of small sequence tags versus
protein databases. While it is thought to be more specific and
sensitive than either of the first, PST has not been widely
used due to a lack of automation. The choice of approach
depends on the specific task and some differences will be
further outlined giving a general overview of the state-of-
the-art in the field (see Table 2 for a summary of pros and
cons of the methods mentioned in this review and Table 3
for their web resources).

4.1. Database Search Methods: The Shared Peak Count
Approach (SPC)

The basis for the most successful methods for tandem
mass spectra interpretation is the comparison of acquired
spectra versus a database of theoretical peptide fragments
[69]. Virtually all commercialized search algorithms use
SPC because of the relatively simple and robust implementa-
tion. The input data for an SPC engine typically contains the
following information: 1) some limits on the terminal amino
acids expected based on the endopeptidase used, 2) the
measurement accuracy of the mass spectrometer used, 3) the
database of protein sequences from the narrowest taxon
available, 4) for each fragmented peptide two pieces of in-
formation: a) the precursor ion mass and b) the m/z ratios
and intensities of all fragments originating from said precur-
sor (the spectrum). Conceptually the first step is then an in
silico digest of the protein sequence library using the speci-
fied cleavage rules (e.g., C-terminal of R and K for trypsin,
except when followed by a P). Then for each fragment spec-
tra the list of in silico-digested peptides is reduced to only
those with a molecular mass equal to the precursor ion
within the error limits — the 'mass-matched peptides'. For
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Fig. (4). schematic representation of the different peptide and protein identification methods used in tandem mass spectrometry. SPC meth-
ods (A) use the shared peak counts (SPC) that are based on the comparison of the experimental tandem mass spectrum with a pre-calculated
library of theoretical spectra derived from a protein database. In peptide sequence tag methods, the so-called PST approach, (B) a local de
novo sequencing of unambiguous regions of the experimental spectrum is performed to extract small sequence tags flanked by unresolved
regions, m; and ms, whose masses are known. A subsequent error-tolerant, mass-informed similarity search against a protein database is
done to retrieve candidate sequences that better fit into the experimental spectrum. The last approach is de novo sequencing (C). The goal of
these methods is to extract a putative global sequence exclusively from the interpretation of the tandem mass spectrum on the basis of frag-
mentation rule constraints. Putative candidates, that may be incomplete due to intrinsic problems inherent to tandem mass spectra acquisition,
are extracted and ranked accordingly to different statistical models. Presently, the distinction between PST and de novo sequencing methods
is disappearing. More effective hybrid methods employ a more efficient sequence tag generation, derived from de novo sequencing tech-
niques, coupled with a powerful error-tolerant similarity search against protein databases (see text for details).
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Table 2.

Summary Table of Partial Pros and Cons of Methods Mentioned in the Text

Forner et al.

Categories

Pros

Cons

Deconvolution Methods

Extracting mass information from spectra containing
multiply-charged ions

CRAM
Thrash

Effective at identifying isotopic clusters

No prior knowledge of of the nature of the charge-
carrying species

SPC Methods

Reliable and widely used

Unable to identify unknown proteins that are not
present in the searching database

Sequest

Mascot
XITANDEM
SONAR,SALSA

OMSSA, ProbID, PROFOUND, Pro-
bity, pFind, Phenyx, SCOPE

XIHUNTER

Wide spread and not affected to incomplete fragmen-
tation spectra

Wide spread and probability based

Efficient search engine

Probability based

Match against a library of experimental spectra

It does not give a statistical confidence of the hits

Not reviewed yet

Non-probability based

De Novo Sequencing Methods

They do not need a searching database. They, poten-
tially, can identify unknown proteins.

Unable to interpret complex spectra and low reso-
lution spectra

SHERENGA, PepNovo, Lutefisk
AuDeNS

PRIME

PEAKS

RAId

Sequit

Sequence graph theory

Sequence graph theory, user intervention
Identification of b- and y- ion series

Combinatiorial method

Combinatiorial method based on a two-step startegy

Specific instrument application

Training set

PST Methods

Limited to small and easy readable portions of the
spectrum

PeptideSearch, ProteinProspector

Easy tag detection

Limited

Hybrid Methods

GutenTag Multiple sequence tags detection -

Popitam Graph theory for multiple sequence tags detection -
Others

ProbIDTree find possible multiple peptides from the same frag- -

mentation spectrum

Post-Processing Statistical Assessment
Methods

Independent statistical validation of results for
widely used SPC methods

PEP_PROB/PeptideProphet

PROT_PROB/ProteinProphet

DTASelect, CHOMPER, INTERACT

PROVALT, MATH

Confidence measure of peptide identification and
automatic determination of the cut-off

Confidence measure of protein identification and
automatic determination of the cut-off

Confidence measure of peptide and protein identifi-
cation

Confidence measure of peptide and protein identifi-
cation

Empirical scoring threshold

Tailored for MASCOT only

Database Searching

DBDigger, PFSM
MultiTag

Reduce computational time

sequence similarity search optimized to be error tol-
erant
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(Table 2) contd.....

Categories Pros

Cons

FASTS, ClIDentify, MS-BLAST
rithm

OpenSea, PepNovoTag, LocalTag,
InSpecT, SPIDER, DeNovolD

niques

Based on known sequence similarity search algo- -

Evolved sequence similarity search engines manag- -
ing multiple sequence tag from a single spectrum and
mass-based information. De novo sequencing tech-

PTM Methods

GlycoFragment, GlycoSearchMS

ProMoST, ProteoMod

P-Mod
database identified peptides

Tool for generating and searching all possible frag- -
ments of complex carbohydrates in a database

pl and mass shift calculation in modified proteins

discover unanticipated protein modifications from -

Quantitation Methods

ZoomsScan, RelEx, EXTRACT-
CHRO, XPRESS

MSQuant

Relative quantification

based quantification

AQUA, MassView Absolute quantification

Relative quantification, adapted to any survey scan- -

each of these mass-matched peptides a hypothetical fragment
spectrum is generated and compared to the measured spec-
trum. To simplify the analysis many SPC engines assume
that the fragment spectrum contains only b- and y-ions (Fig.
5). Some scoring function is then used to evaluate the close-
ness of this match for each mass-matched peptide: the pep-
tide with the best score is considered the most likely to have
given rise to the measured spectrum. The main differences
between SPC engines, where they are fully understood,
mostly occur in the scoring schemes used to assess the like-
lihood of a match and they fall into two classes: The first
class comprises tools that correlate acquired mass spectra
against theoretical spectra derived from a sequence database
and calculate the quality of the match rather than its prob-
ability of occurrence (non-probability based models). The
second class of methods calculates the probability that the
match between fragment ions in the experimental and pre-
dicted spectra is a random event (probability based models).

4.1.1. Non-Probability Based Models

SEQUEST [73-75] is the oldest and the best known
commercial SPC engine used in proteomics. It utilizes a
cross correlation (Xcorr) function to assess the quality of the
match between a tandem mass spectrum and amino acid se-
quence information in a database. No variable peak intensity
information is used but SEQUEST does model all y-ions to
be a uniform intensity, with b-ions a uniform lower intensity.
The two-tiered score system is based firstly on the peak in-
tensity of fragment ions matching the predicted sequence
ions retrieved in the database and secondly on the cross-
correlation of the experimental and theoretical spectra. This
value is a sensitive metric based on the features of the meas-
ured tandem mass spectrum and the quality of its fit to the
model spectrum. An empirical reward is also made for the
presence of a consecutive ion ladder in a spectrum (e.g., ys,
Va4, ¥Ys, Ye) Since specific fragmentation events rarely occur
independently of one another. SEQUEST also computes a
parameter called ACn, which is the normalized score ob-

tained from the difference between the first and the second-
ranked sequences. ACn is a measure of the uniqueness of the
match and is dependent on database size and the presence of
highly similar sequences; a ACn value greater than 0.1 is a
widely used confidence limit for identifying a true positive
hit. The SEQUEST algorithm is robust enough to overcome
the incomplete fragmentation of a peptide but likely returns
significant false positives since larger peptides score higher
than high-quality smaller peptides and potentially noisy
spectra that are highly populated can have high cross-
correlation scores due to random matches of background
noisy spikes in the database. Xcorr is not a probabilistic
score and does not give a statistical confidence of the hits
found even though it has proved to be surprisingly robust for
low signal-to-noise spectra. For these reasons SEQUEST
remains a primary search algorithm whose output can be fur-
ther validated by various statistical approaches [64].

SONAR [76] and SALSA [77,78] belong to the same
category of descriptive models of fragmentation pattern and
similarity searches. SONAR uses an algorithm similar SE-
QUEST hbut the score is based on the dot product of experi-
mental and theoretical spectra. SALSA uses a different
matching criteria of theoretical and experimental spectra
whose alignment starts from the highest experimental peak
superimposed to the first ion in the theoretical spectrum re-
gardless their absolute positions on the m/z axis.

4.1.2. Probability Based Models

Perhaps the most widely used software in the SPC cate-
gory of probability based models is MASCOT [79], avail-
able both as a limited web service and as a commercial
standalone platform. The actual algorithm implementation
has not been published but the working core system is based
on the MOWSE score [80] that computes the normalized
frequencies of peptide (M + H)+ distributions from the data-
base. It is probability-based and the predicted fragments are
matched to the experimental fragments starting from the
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Table3. Web Resources and Software Mentioned in the Review with References: 1. Web Resource 2. Downloadable or Upon Re-
guest Software 3; Commercial Versions

SPC Based Methods

SEQUEST ¢ [73-75]
SONAR ** [76]
SALSA® [77,78]
ro
ProbID * 86
ProFound ** [87]
MASCOT *? [79]
XITANDEM 2° [81-83]
OMSSA *? [84]
pFind *? [88]
ente
Aldente 91
Phenyx ** [91]

http://fields.scripps.edu/sequest/index.html, http://www.thermo.com
http://65.219.84.5/service/prowl/sonar.html
http://www.mc.vanderbilt.edu/lieblerlab/salsa.php, http://www.thermo.com
http://projects.systemsbiology.net/probid
http://65.219.84.5/service/prowl/profound.html
http://www.matrixscience.com/

http://www.thegpm.org/TANDEM/, http://www.proteomesoftware.com
http://pubchem.ncbi.nlm.nih.gov/omssa/

http://pfind.jdl.ac.cn

http://www.expasy.org/tools/aldente/
http://phenyx.vital-it.ch/pwi/login/login.jsp

Result Validation Programs

PeptideProphet 2 [103]
ProteinProphet 2 [106]
DTASelect 2 [107]
CHOMPER *? [108]
AMASS ? [118]
INTERACT ? [109]

http://peptideprophet.sourceforge.net/
http://proteinprophet.sourceforge.net/
http://fields.scripps.edu/DTASelect/
http://www.ludwig.edu.au/jpsl/jpslhome.html
http://www.ia.ac.cn/personal/fuxin.li/amass.htm
http://tools.proteomecenter.org/Interact.php

De Novo Sequencing Methods

SHERENGA 3 [59]
PepNovo ** [140]
Lutefisk [141,142]
AuDeNS 2 [143]
PRIME ? [144]
PEAKS? [145]
Sequit ® [152]

http://www.chem.agilent.com (Spectrum Mill suite)
http://peptide.ucsd.edu/pepnovo.html
http://sourceforge.net/projects/lutefiskxp
http://www.ti.inf.ethz.ch/pw/publications/software/audens
http://csbl.omb.uga.edu/downloads/prime/prime.html
http://www.bioinformaticssolutions.com/products/peaks/index.php
http://www.sequit.org/

PST Based Methods

PeptideSearch *? [154]
ProteinProspector * [156]
GutenTag ? [158]

http://www.narrador.embl-heidelberg.de/GroupPages/PageLink/peptidesearchpage.html

http://prospector.ucsf.edu/
http://fields.scripps.edu/GutenTag/

Similarity Searching Programs

ClDentify 2 [141,142]
FASTS *? [162]
MS-BLAST * [164]
InSpecT *? [170]
SPIDER * [172]
DEenovolD ! [173]

http://ftp.virginia.edu/pub/fasta/CIDentify/?M=A
http://fasta.bioch.virginia.edu/fasta_www/cgi/search_frm.cgi?pgm=fs
http://dove.embl-heidelberg.de/Blast2/msblast.ntml
http://peptide.ucsd.edu/

http://bif.csd.uwo.ca/spider

http://proteomics.mcw.edu/denovoid

Other Resources

SILVER *? [55]

XIHUNTER * [194]
DBParser * [189]
VEMS 2 [188]

RADARS ? [76]

http://llama.med.harvard.edu/Software.html
http://www.thegpm.org/HUNTER
http://www.proteomecommons.org/archive/1109121060785/
http://yass.sdu.dk/

http://65.219.84.5/RADARS.html
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(Table 3) contd.....

Databases and Organizations

HUPO - http://www.hupo.org/

PRIDE [193] http://www.ebi.ac.uk/pride/

GPM [81] http://www.thegpm.org/

Unimod [213] http://www.unimod.org

Resid [214] http://pir.georgetown.edu/cgi-bin/resid
DeltaMass http://www.abrf.org/index.cfm/dm.home

Quantitation Resources

ZoomScan* [228] http://proteomics.mcw.edu
RelEx [233] http://fields.scripps.edu/relex/
MsQuant* [230] http://msquant.sourceforge.net/

PTM Resources

Lu and Chen software’  [98]

http://hto-c.usc.edu:8000/msms/suffix/

P-Mod* [210] http://www.mc.vanderbilt.edu/lieblerlab/p-mod.php
ProSight PTM* [215] https://prosightptm.scs.uiuc.edu

FindPept* [216] http://www.expasy.org/tools/findpept.html

ProMoST* [218] http://proteomics.mcw.edu/promost/index.jsp
ProteoMod* [219] http://biochem.iisc.ernet.in/proteomod.html
GlycoSuiteDB* [221] https://tmat.proteomesystems.com/glycosuite/
GlycoFragment® [222] http://www.dkfz.de/spec/projekte/fragments/
GlycoSearchMS! [222] http://www.dkfz.de/spec/glycosciences.de/sweetdb/ms/

Tools mentioned in the text that are either not available or no more traceable as web URL have not been reported.

most intense peaks. It probably includes a limited stochastic
model adapted from the MOWSE score together with heuris-
tic and probability-based scoring in order to capture some
properties related to signal intensity and consecutive frag-
ment matches.

XITANDEM [81-83] has been developed as an alternati-
ve to MASCOT and SEQUEST. The algorithm compares
each spectrum to all likely candidate peptides in a protein
database where all fragment ions are assumed to be of equal
intensity. One of XITANDEM’s major strengths is its auto-
matic search for modified peptides (i.e. post-translational
modifications) on proteins it has otherwise identified. This
approach allows a dramatic decrease in computational time
compared to the brute force approach of trying all possible
combination of peptide modifications. The preliminary score
is the dot product of the acquired and modeled spectra where
peak intensities are considered and the final score is based on
a hypergeometric distribution that is exploited to assess an
expectation value of the match. It is open source software
and packaged in the SCAFFOLD suite from Proteome Soft-
ware.

Another freely-available method that implements a simi-
lar statistical approach is OMSSA [84], a fast search algo-
rithm whose results are scored using a BLAST-like statistical
model based on assumptions taken directly from the experi-
mental setup and allowing for experimental noise. The
matching criteria employ a conservative approach; if a
measured fragment ion is matched to one fragment then it is
no longer considered for matching other ions. The scoring
function calculates a Poisson distribution of random matches

for each spectrum, allowing the significance of a hit to be
expressed as the probability of the hit being random, where a
low probability implies a significant hit. Yet another statisti-
cal approach is found in Probity [85], which calculates the
statistical significance of each peptide identification and re-
ports the risk that a particular identification is a false posi-
tive, mitigating the influence of database size on the final
score.

ProbID [86] and PROFOUND [87], on the other hand,
use a Bayesian model to calculate the probability that the
candidate peptide is a true match. In addition, ProblD sepa-
rates the scoring function into distinct components that are
computationally very efficient, as they only consider b- and
y-ion information. Another novel feature of ProblD is that it
includes the ratio of matched consecutive fragment pairs as a
component of its probability.

One common assumption in all these SPC algorithms is
the concept that every matching peak between the experi-
mental and theoretical spectrum should be given equal
weight. This undoubtedly leads to stochastic mismatches and
increases the false-positive rates if not rigorously evaluated
[37] so pFind [88] has been specifically devised to address
this issue by exploiting the correlative information among
fragments. A kernel function is applied to the dot product of
shared peaks [89] to exhaustively count all possible combi-
nations of correlated ions and reduce the computational
complexity. The algorithm, available as a web resource [90],
is based on a more rigorous formalization of the correlative
property of co-occurring fragments and has demonstrated its
effectiveness in terms of identification accuracy.
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Sequence: RNIFETK
Peptide Mass P(m) MH+(monoisotopic): 907.5
All fragment ion masses below are calculated as: MH+({monoisotopic) masses of b- and y-ions
531.3 660.35
Peptide N terminus: Hydrogen M .
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Fig. (5). Theoretical MS/MS spectrum of the sequence RNIFETK. The x-axis reports the mass-to-charge ratio of the fragments and the y-
axis represents the intensity of the peaks whose heights do not account for any particular real case but have been chosen to make the example
clearer. The singly charged series of the monoisotopic b- and y-ions are shown. The distance of two consecutive peaks in an ion series corre-
sponds to the mass of one single amino acid supposing the ion series to be complete and containing all of the possible fragments derived
from the precursor peptide as in the example. The y-ion series is written from the C- to the N-terminus and the reconstructed peptide se-
quence is the reversed form of the precursor peptide. On the contrary, the b-ion series has the same orientation from the N- to the C-terminus

of the fragmented precursor (see text for details).

A group of algorithms based on stochastic approaches
have also been developed to estimate probabilities for the
peptide fragmentation process. Partial knowledge of the un-
derlying rules governing the fragmentation process and the
occurrence of ion types in training sets are common features
that present methods have implemented. The general frame-
work is usually based on the calculation of the probability of
observing the experimental spectra given a particular frag-
mentation pattern and its distribution in the experimental
training set. Finally a stochastic model distribution is applied
to find the best fit between the observed and theoretical tan-
dem mass spectra.

Rising from the ashes of the Aldente tool developed by
GeneBio and SIB (Swiss Institute of Bioinformatics),
Phenyx is based on the Hough Transform approach for rea-
ligning the experimental spectra and deals very efficiently
with false-positive identifications produced by background
noise. It is available both as a freely accessible web resource
and as a commercial standalone platform. It incorporates the
true probabilistic scoring system OLAV [91] that is based on

a stochastic approach and signal detection theory. One of the
differences between Phenyx and the previously discussed
methods is that in Phenyx the score is the sum of 12 basic
scores, such as the presence of ion types (b, y, etc), intensi-
ties, peptide modifications and co-occurrence of ion series
computed by a Hidden Markov Model (HMM). The scoring
function computes the maximum likelihood that the identi-
fied peptide is a true positive match.

Working along the same lines, SCOPE [92] uses a sto-
chastic model based on a two step strategy: in the first phase
a fragmentation model of all the possible peptide patterns is
generated and its empirical probability of occurrence is cal-
culated. In the second phase the measurement of the tandem
mass spectra derived from the first step is calculated accord-
ing to the instrument accuracy. Then, the probability of ob-
serving a collection of spectral peaks given this model is cal-
culated.

The main limit of stochastic approaches is that their scor-
ing function is learned on a set of validated data and thus the
resulting parameters are a function of the instruments and
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sample preparation used to prepare the validated data. There-
fore, the performance of these methods suffers from the lack
of available training sets that cover all possible experimental
conditions.

4.1.3. Alternative Approaches to Spectral Interpretation

Several alternative approaches have been described to
enhance or complement classical approaches of present SPC
methods. Fragmenting peptides is time consuming and the
interpretation of the resulting spectra is fraught with difficul-
ties so characterizing a protein sample without fragmenting
peptides is an attractive goal. Towards this end Cargile and
Stephenson employed accurate mass measurements and pep-
tide isoelectric point (pl) as identification criteria [93]. The
intrinsic power of this method is mainly based on its capabil-
ity to discriminate peptides with the same monoisotopic
masses but with differing isoelectric points allowing a more
efficient identification process of the peptides. Along a simi-
lar vein, Smith et al. [94] have championed Accurate Mass
and Time tags, using the elution time of reversed phase
HPLC and high accuracy mass measurements to identify
peptides in much the same way.

While the use of physical properties for peptide identifi-
cation is attractive, no such method has achieved broad use
yet and most groups still use tandem mass spectrometry. Zu-
barev et al. took this one step further by fragmenting each
peptide using two orthogonal methods, electron capture dis-
sociation (ECD) and collisionally-activated dissociation
(CAD), to generate complementary pairs of fragments [95].
These pairs are exploited both for preliminary screening of
tandem mass spectra and for improving the accuracy of pep-
tide detection in database searching. Additionally, since such
an experiment must be done in an FT-ICR instrument, ultra-
high mass accuracy measurements provides further assur-
ance in the identification of peptides. Such data has also al-
lowed the implementation of a novel sequence tag detection
algorithm based on the combined data extracted by CAD and
ECD. The scoring system used is database independent since
it relies on the maximum length of the peptide sequence tag
provided by the complementary pairs of sequence tags from
the combined CAD and ECD data [96].

Another interesting aspect of tandem mass spectrometry
that contributes to the complexity in this field is that concur-
rent fragmentation of multiple precursors in the same tandem
mass spectrum may occur. This factor, together with incom-
plete fragmentation in the first place, errors in sequence da-
tabases and the incompleteness of current databases, cer-
tainly contributes to the low frequency of matching fragment
spectra to peptides. ProblDTree [97] attempts to address
some of these issues as it has been designed specifically to
find possible multiple peptides from the same fragmentation
spectrum. It explores, through an iterative database searching
process, putative matches with candidate peptides to which
probability scores are assigned. Tentatively matched pep-
tides are organized in a tree structure from which their ad-
justed probability scores are calculated and used to deter-
mine the correct identifications.

4.1.4. Reducing Computation Time in Database Searching

One of the major bottlenecks of tandem mass spectrome-
try algorithms is certainly the increasing computational time
required for performing database searches of large protein
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libraries, especially when non-specific enzyme cleavages and
several post-translational modifications are allowed. The
need of reducing computation time to speed up the database
search is a timely issue as protein databases continue to
grow, thus several approaches to accelerating searches have
been described. One solution has been combining suffix tree
data structures to preprocess the protein sequence database
and spectrum graphs to preprocess the tandem mass spec-
trum [98]. This algorithm efficiently searches the suffix tree
against the spectrum graph for candidate peptides and ranks
the hits accordingly to a SEQUEST-like scoring function.
An alternative solution, adopted by DBDigger [99] with a
marked decrease in search time, is to reorganize the database
identification so that candidate sequences are generated only
once for each collection of spectra rather than once for each
spectrum. Yet another approach uses a new data structure
called “peptide finite state machine” (PFSM) [100] where
data from experimental spectra are organized in terms of
monoisotopic and centroided spectra which may be used to
rapidly search a known set of protein sequences, regardless
of the number of spectra searched or the number of potential
modifications examined.

The downside of heuristic approaches such as these
aimed at accelerating the searching process is that they may
degrade the final result. The false positive rate may increase
whereas true hits may be lost or, more generally, sensitivity
and specificity may suffer. The need to find a reasonable
trade-off between more efficient searching algorithms and
statistical evaluation of the results has created the basis for
both the development of novel methods specifically designed
to seriously improve current statistical estimates in protein
identification and the assessment of comparative and inde-
pendent benchmarking experiments able to test the effective-
ness of present methods.

4.1.5. Independent Statistical Validation of SPC Results

SPC engines remain popular despite suffering from sev-
eral common limitations, one of the most obvious being that
they always report a hit for a given query despite the quality
of the match. For a low quality measured spectrum this can
leave the score of the match in the twilight zone where false
and true positive hits are equally distributed. In addition,
they act at the peptide level whereas the main goal in mass
spectrometry-based proteomics is to give a statistical meas-
ure of whole protein detection in terms of peptide coverage
and probability that a specific protein has been unequivo-
cally detected. To address these issues different statistical
models have been applied to improve the discrimination
power of the above-mentioned search algorithms. Since it is
not yet clear which solution fits best [64,101], we will dis-
cuss all published approaches to statistically validate data-
base search results.

Acting at the level of peptide statistical significance there
are PEP_PROB [102] and PeptideProphet [103,104]. The
first approach implements a hypergeometric model that has
been demonstrated to fit the frequency distribution of frag-
ment ion matches and predicts a probability of generating
any given number of fragment ion matches to an experimen-
tal tandem mass spectrum at random almost independently
by database size. PeptideProphet, on the other hand, uses an
expectation maximization algorithm to derive a mixture
model of correct and incorrect peptide assignments by fitting
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the derived curve of the calculated and empirical discrimi-
nant scores for all the spectra in the sample. Bayesian statis-
tics are then applied to compute the probability that the
match is correct (Fig. 6).

Their counterparts at the protein level identification,
PROT_PROB [105] and ProteinProphet [106], have been
developed to assess the protein detection probability by as-
sembling peptides into proteins. The real goal of a high-
throughput proteomics approach is to determine the identity
of the proteins present in the original sample and the protein
sequence coverage (the fraction of the entire protein se-
quence observed as peptides in the mass spectrometer) is a
major factor when validating search results. The connectivity
between peptides and precursor proteins is difficult to recre-
ate when a complex protein mixture is analyzed, conse-
quently assembling peptides into proteins is not straightfor-
ward and depends on different factors as the presence of de-
generate, modified and repeated peptides (Fig. 6).

PROT_PROBE implements two independent statistical
models based on binomial and multinomial hypotheses,
which use the hypergeometric probabilities and cross-
correlation scores from SEQUEST respectively. Weaknesses
of this approach manifest in cases where protein assignments
are based on unusual and incomplete peptide fragments. Pro-
teinProphet starts from the probabilities assigned by Pepti-
deProphet to the identified peptides and then uses these val-
ues in a Bayesian model that is based on the concept of
“number of sibling peptides” (NSP) for peptide matches to a

FEP_FROB/PeptideProphet
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protein that has other matching peptides. An NSP is high
when numerous peptides match the same protein.

More widely-used approaches for assembling peptide
identifications into protein include DTASelect [107], CHOM
PER [108] and INTERACT [109], all of which use empiri-
cally determined scoring threshold values to filter putative
correct hits and then sort peptides by protein identity. The
intrinsic limit of this approach resides in the empirical nature
of the subjective choice of the threshold scores for correct
identification that may change depending on the database
size and the data set [110]. Despite lacking a probability-
based measure, the ability of these methods to compare pep-
tide identifications from multiple experiments and their fil-
tering capabilities provide a certain level of confidence for
the user. In addition, the popularity of MASCOT and SE-
QUEST means that many resources have been devoted to
provide training and instructions for these analysis tools.

As was mentioned, the Xcorr value from SEQUEST is
not a statistical value and shows bias towards longer pep-
tides, large databases and noisy spectra. In order to decouple
the peptide and database size, two groups have tried to nor-
malize Xcorr scores by dividing the calculated value by the
Xcorr of the input spectrum against itself [111,112]. This
approach has also been recently applied to assess peptide
identification based on their length in large scale proteomics
projects [113]. Other statistical tools that have employed dif-
ferent probabilistic models considering numerous features of
the resulting matches [114-121] have proven to give similar

PROT_PROB/ProteinProphet

Fig. (6). A schematic and hypothetical working pipeline of PEP_PROB/PeptideProhet and PROT_PROB/ProteinProphet. Results from dif-
ferent search engines are elaborated from PEP_PROB/PeptideProphet to estimate a dynamic threshold able to better discriminate incorrect
from correct peptide hits based on the characteristic of the data and their distribution. Once grouping is complete, the assigned peptides cor-
responding to an individual protein, and their probabilities, are combined by PROT_PROB/ProteinProphet that compute a single protein con-
fidence measure which is effective at distinguishing the correct from incorrect protein identifications. These tools especially aim at increas-

ing statistical significance of low scoring hits.
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results. Because of this, several machine learning methods
have been designed for post-database search validation of
peptides ranging from neural networks [122,123] to support
vector machine SVM [124] and Quadratic discriminant func-
tions [125]. Unfortunately, one major caveat of machine
learning approaches is that they may not produce accurate
results when applied to data significantly different from that
used for training.

Unlike SEQUEST, MASCOT uses a probability-based
scoring scheme for peptide identification. However, it does
not correlate these scores to determine the significance of the
proteins to which they match so various statistical inference
methods have been also applied to MASCOT outputs [126-
128] to improve both sensitivity and specificity. The heuris-
tic PROVALT [129] has been specifically tailored for
MASCOT to overcome this common limitation of most pep-
tide identification algorithms. A second heuristic approach,
MATH [130] based on Bayes' Law, has been successfully
applied to MASCOT by using mass tolerance settings and
database size to improve sensitivity and specificity.

The whole overview of the different statistical represen-
tations of scoring functions suggests the need for evaluation
methods to assess low scoring hits obtained from orthogonal
approaches [131], which in turn requires a normalized score
for comparing among different methods. The expectation
value for protein identification has been suggested as a good
candidate for this metric, considering only peptides that pass
a preset threshold value for a survival function. The stochas-
tic occurrence of peptides is governed by the Poisson distri-
bution and may be used for the qualitative analysis of the
differences between scoring systems [132]. The consensus
approach has been employed to some success in shotgun
proteomic projects using SEQUEST and MASCOTs, along
with chemical properties and scores describing the nature of
the fragmentation spectrum, to enhance the specificity and
sensitivity of protein identification [133].

4.1.6. Benchmarking and the Importance of Using Rigor-
ous Limits

With the advent of faster mass spectrometers and higher
dimensional chromatography, proteomics seems to have be-
come a numbers game — more proteins reported as identified
equals a better study. While such studies MAY have taken
more effort, they are less likely to make a significant contri-
bution to science than more careful and focused studies. As
with any developing field, proteomics has been slow to adopt
global standards for things such as what constitutes an iden-
tified protein in a large-scale study [134]. The tools that pro-
tein identification hinges on are the database search engines,
yet with the multitude of engines discussed here and new en-
gines being introduced all the time there is still no compre-
hensive benchmarking of the results each one produces. One
challenge in doing a comprehensive benchmarking is coming
up with a gold standard that will be acceptable to the major-
ity in the field. The obvious solution to this, at least for a set
of 'good' spectra, is to take synthetic peptides and record
their fragment spectra in different mass spectrometers,
knowing without question which peptide gave rise to which
fragment spectra, and then to test each search engine with
this dataset. Equally obvious though is the time and financial
cost involved in synthesizing and individually fragmenting
several thousand peptides. However, some benchmarking of
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current tools has been performed, within the limits imposed
by the variety of the methods [131,135-137]. A substantial
variability (RSD 4-25%) was documented among database
scores provided by several searching algorithms by submit-
ting replicates of tandem mass spectra [137]. There, post-
search average of XCorr scores (SEQUEST) led to better re-
sults than spectral averaging. Other tests suggest that MAS-
COT, XITANDEM, and SONAR perform significantly bet-
ter in terms of specificity than SEQUEST [131,136], except
in the case of low resolution ion trap data where MASCOT
and SEQUEST performed similarly [136].

In the absence of rigorous standards and benchmarking,
the onus then falls on the investigators to ensure the quality
of their data. However, evidence suggests that many, if not a
majority, of groups are using criteria that allow a very high
number of false positive identifications to enter the scientific
record. Stephenson et al. [37] used a set of MS/MS spectra
collected from a rat sample to search a completely random
database of proteins and even using the 'rigorous' criteria
used by many investigators almost fourteen hundred proteins
were identified, all of which must have been wrong. Such
problems are compounded when investigators expand the
search space by using wide mass windows or by allowing
non-specific enzyme cleavage. These issues were addressed
by Mann et al. [138], who collected a set of MS/MS spectra
on a linear trapping quadrupole-Fourier transform hybrid
mass spectrometer and searched them against a database us-
ing a variety of search parameters. The conclusion that these
investigators arrived at was that trypsin cleavage is indeed
specific and that the vast majority of non-tryptic peptides
identified using low mass accuracy restrictions were incor-
rect.

One independent method for evaluating the quality of
protein identifications in a large-scale dataset, regardless of
the criteria or instrument used, is called reversed database
searching [71,139]. This simply means that in addition to
querying a set of fragment spectra against the desired se-
quence database, the spectra are also used to query the same
database that has been reversed or randomized. The concept
of reversed database searching is that any match between a
spectra and a reversed peptide must be a false positive identi-
fication, with the exception being those peptides that are
found in both the forward and reversed databases. The ratio
of identifications in the reversed database to the forward da-
tabase is an estimate of the false positive rate for the criteria
used. By evaluating false positive rates under different
search conditions (e.g. by adjusting the peptide mass accu-
racy window), a set of parameters that gives an acceptable
rate of incorrect identifications can be empirically deter-
mined. Optimally this rate should be chosen to be less than
the number of proteins identified (i.e., if 1000 proteins are
identified then the false positive rate should be less than 1 in
1000).

4.2. De Novo Sequencing Methods

Unlike the methods already discussed, which rely on
knowing all the possible protein sequences in order to inter-
pret spectra (a.k.a., database-dependent), de novo sequencing
methods rely exclusively on deriving the peptide sequence
from a tandem mass spectrum using only the knowledge of
the phenomena governing the peptide fragmentation process
(database-independent, Fig. 4). These approaches are gener-
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ally error prone and produce ambiguous results due to differ-
ent problems inherent to the intrinsic nature of proteins and
fragmentation techniques. Indeed, these caveats are common
to every analysis regardless of the approach used, be it data-
base-dependent or database-independent, but their impact on
de novo sequencing is more critical since no prior knowledge
of sequence is available to help discriminate between false
and positive hits.

The first and most obvious problem is in trying to distin-
guish between amino acids with identical or nearly identical
masses, as in the case of the isobaric leucine/isoleucine and
glutamine/lysine respectively. In addition, certain amino ac-
ids have the same mass as pairs of other amino acids. Other
major hurdles can be poor quality spectra where some ex-
pected fragment ions are missing, the directionality of the
ion series (b- and y-ions) and charge states of the fragments.
Despite these drawbacks, de novo sequencing can be ex-
tremely valuable since it is database-independent and can be
used with proteins from any organism, sequenced or not.

Present de novo methods may be divided into two distinct
categories depending on which solution is chosen to repre-
sent the mass spectra. The first class includes methods adopt-
ing graph representation of tandem mass spectrum, whereas
the second embraces different solutions generally described
as combinatorial problems.

4.2.1. De Novo Sequencing — Graph Theory Approaches

SHERENGA [59] is among the progenitors of de novo
sequencing methods in this first category. The algorithm is
based on peptide sequence reconstruction through optimal
path scoring in the “directed acyclic graph’ representations of
the tandem mass spectra. It automatically learns fragment
ion types and intensity thresholds from a collection of test
spectra generated from any type of mass spectrometer. The
training set allows the algorithm to produce a likelihood-
based scoring list of ranked paths corresponding to potential
peptide sequences. SHERENGA is most useful for interpret-
ing sequences of peptides resulting from unknown proteins
and for validating database results.

A similar statistical model has been implemented and
improved in the PepNovo [140] algorithm. It tests the likeli-
hood that the observed peaks may be obtained from either
known peptide fragmentation rules or a random fragmenta-
tion process. The algorithm steps are designed to solve the
spectrum graph using a probabilistic network to reduce the
computational space. This network takes into account corre-
lations between fragment ions, dependencies due to the rela-
tive position of the cleavage site in the peptide and influence
of flanking amino acids to the cleavage site. Then, solutions
are ranked accordingly to the random distribution hypothe-
sis.

Lutefisk [141,142] is another tool that is based on se-
quence graph theory. In the first phase the raw data undergo
a smoothing process to extract a weighted profile. The data
are subsequently converted into a graph of their correspond-
ing ion masses. Finally, the graph is resolved following the
best path in the graph to gain the longest partial sequence
and allowing for gaps that compensate incomplete fragmen-
tation patterns. The obtained sequences are searched for in
protein databanks with an error-tolerant similarity searching
algorithm ClIDentify [141,142] that will be described later.
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One of the first methods to employ a heuristic component
was AuDeNS [143]. The user may interact with this tool by
assigning relevance values to the input peaks and thresholds
to preprocess the spectrum and find solutions along the
graph path. The problem of the potentially exponential num-
ber of solutions is then solved since only those within a user-
specified threshold are tested and reported.

One central problem in interpreting tandem mass spectra
is the uncertainty in correctly assigning the various ions of
different types. To address this problem, PRIME [144] treats
b- and y-ion series as type-1 and type-2 edges of the graph
respectively and then a dynamic programming algorithm
tries to rigorously solve this graph partition problem. The
program can be used to pre-screen acquired spectra and sepa-
rate the different types of ions to improve de novo sequenc-
ing accuracy.

4.2.2. De Novo Sequencing — Combinatorial Method

PEAKS [145], one of the first and most widely used al-
gorithms in this second category, is based on a four step
strategy. The first stage is dedicated to the preprocessing of
the data by noise filtering and peak centroiding. In the sec-
ond step an almost exhaustive candidate search is computed
and the best 10000 hits retained. The solution space explored
consists of all possible combinations of amino acids for a
given precursor ion. The basic assumption of the scoring sys-
tem is based on an empirical measure and starts from the ob-
servation that the greater number of high abundance peaks
that are matched by those ions of a sequence, the more likely
the predicted sequence is the correct sequence. The last two
steps are different rounds of scoring assessment and nor-
malization.

A similar approach has been recently proposed in the
RAId [146] program that is divided into two distinct mod-
ules. The first is a pure de novo sequencing method that uses
a similar work-flow as PEAKS to obtain a list of candidates
that are clustered and ranked on the basis of their fit to the
experimental fragmentation and intensity pattern. The sec-
ond module is based on an exact string match between the
top candidates against a pre-calculated peptide library ex-
tracted from the protein databank. If a candidate turns out to
be a substring of some library peptides, the exact match is
reported. On the other hand, if no significant library hit is
found the top ranking candidates from the de novo sequenc-
ing results become potential candidates for new peptides that
are not yet in the database.

Another new strategy has been described for the determi-
nation of amino acid sequences of unknown peptides based
on a two-step process that relies on highly accurate mass de-
termination [147]. In the first step the amino acid composi-
tion of the peptide target and a small number of accurate
fragment ion mass values are determined. The second phase
is based on simple permutation and calculation of all possi-
ble amino acid sequences that are scored accordingly to the
correspondence between expected and observed fragment
ion signals of the permuted sequences. The efficiency proc-
ess is warranted only if the peptide composition is reduced to
a small list and this is possible only in the case of ultrahigh
mass accuracy measurements.

To overcome the limitations of de novo sequencing met-
hods used for interpreting low resolution instrument results,
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a method has been designed that takes advantage of the re-
producibility and predictability in fragment ion intensities of
less expensive and more widely accessible ion trap instru-
ments [148]. In the first step, a divide-and-conquer algorithm
generates a collection of sequence candidates from the ex-
perimental tandem mass spectrum [56] and in the second
step these candidates are further refined by comparing their
simulated tandem mass spectra to the experimental spectrum.
The main shortcoming of this approach is due to its empiri-
cal construction of the theoretical spectrum that is instrument
dependent.

Other methods using different solutions include formula-
tion of mathematical models [149], the resolution of subop-
timal paths in a matrix spectrum graph [150], a novel con-
cept of two-dimensional fragment correlation [151], specific
instrument application [152] and implementation of genetic
algorithms that construct peptide sequences matching the
target spectrum optimally [153].

Most of these methods are coupled with error-tolerant
sequence similarity searches [154] following the example of
the hybrid methods, discussed later on. De novo peptide se-
quencing and PST generation, though related, are historically
distinct problems. The main difference is the “global” ap-
proach of de novo methods versus the “local” approach of
PST methods for interpreting the tandem mass spectrum
[155]. In de novo sequencing the main goal is roughly to find
a single and representative “global” path that is constituted
by an ordered list of sequence tags extracted by the tandem
mass spectrum accordingly to a probabilistic model. Then,
the number of incorrect sequence tags due to random local
matches is limited. On the contrary, the PST generation usu-
ally appears to be a special case of de novo sequencing. In
this case, the minimal requisite is to satisfy the “covering”
principle. Tags are generally local and independent solutions
of resolved portions of the tandem mass spectrum that do not
necessarily belong to or fit an optimal global path. Random
tag identifications of local ambiguities may increase the false
positive rate if not correctly ranked. In recent years, this dis-
tinction has disappeared and PST methods have improved
their tag generation by taking advantage of recent advances
in de novo sequencing algorithms coupled with improved
sequence similarity searches as described below.

4.3. Hybrid Methods: The Peptide Sequence Tag ap-
proach (PST) Using De Novo Tag Sequencing and Data-
base Similarity Searching

The principle of peptide sequence tags was actually the
first method developed for identifying peptides from tandem
mass spectra. The starting assumption of this method is that
for each spectrum it is possible to determine at least a clear
and consecutive short ion series of either b-ions or y-ions
whose peak distance, in the mass-to-charge ratio scale, cor-
responds to the mass of one amino acid (Fig. 4). One of the
first implementations of this principle was PeptideSearch
[154] and the first step of the algorithm really depends on a
sort of de-novo sequencing limited to a small and easy read-
able portion of the spectrum. The small amino acid sequence
obtained this way is called peptide sequence tag (PST) and it
is used in a protein database search together with several
other pieces of information: flanking regions of the tag,
whose sequences have not been detected, are exploited in the
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database search since their masses are known and correspond
to the N- and C-terminus of the whole peptide, the mass of
the precursor ion, and information about the terminal amino
acids derived from the endopeptidase specificity. In the case
of the sequence tag belonging to the b-series, the N-terminus
mass (M;) corresponds to the mass-to charge ratio of the
smallest ion in the series of the partial sequence tag whereas
the C-terminus mass (Ms) corresponds to the difference be-
tween the precursor peptide mass (Py,) and the largest ion in
the series of the partial sequence tag (M,). For example, if
the recognized peptide tag is FET, as shown in Fig. 4, M,
mass-to-charge ratio is 384.2 and Mz is (P, — My) -> (907.5 -
761.39) = 146.11 m/z. No a priori assumption about the di-
rectionality of the sequence tag, either belonging to the b- or
y-ion series, is made so that both database searches are per-
formed by the algorithm. The sequence match is scored
based on a random probability match of each assigned region
(the N-, C-terminus masses and the sequence of the tag) and
an expectation probability associated to protease cleavage
specificity. For example amino acid probability is set to 1/20
whereas isobaric isoleucine and leucine and almost weight
equivalent glutamic acid and lysine are set to 1/10 since they
appear two times more frequently than other amino acids due
to their weight equivalence within a specified mass accuracy.
Total random probability is set:

LTaglLength

P x [P xPu, <P

random

=P

NtermCleavageSpecificity

xP

M1 CtermCleavageSpecificity

i=1
and the resulting nonrandom probability is set to:

P = (1-2%P o)

nonrandom

where N is the number of amino acids in the database and
the random probability is multiplied by 2 since the orienta-
tion of the sequence tag is not known. The method proved to
have some intrinsic limitations due to the probability model
used. For example, amino acids occur at vastly different fre-
quencies in a database. This observation is not taken into ac-
count by the algorithm as probabilities are set to 1/20 for
each amino acid. Probabilities assigned to the cleavage
specificity and the molecular weights of the My, M3 regions
are arbitrary. A second limit concerns the correct sequence
tag recognition that may fail in the case of incomplete spec-
tra where not all fragmentation patterns are available. An-
other limit is the presence of post-translational modifications
or isoforms in the sequence tag that are inevitably not identi-
fied during the searching process if this information is miss-
ing in the database. The algorithm tries to overcome this
problem by matching at least two out of the three extracted
regions (N-terminus mass, sequence tag, C-terminus mass)
and evaluating putative alterations in the remaining un-
matched region.

Another implementation of PeptideSearch algorithm is
available in the ProteinProspector package [156,157] but
other methods that employ a hybrid approach have also been
developed. One of the aspects usually not considered, be-
cause of the lack of a good theory, is the problem of inter-
preting peak intensities, as described above, even though at-
tempts have been made to exploit this seemingly valuable
source of information. GutenTag [158] uses an empirically
derived model of fragment ion peak intensities to achieve a
higher specificity in sequence tag detection. It retains multi-
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ple sequence tags from a tandem mass spectrum that are
scored accordingly to the empirical knowledge of ion frag-
mentation and the best are efficiently searched against the
protein database in a single pass. The same ion fragmenta-
tion model is applied to estimate the candidate sequence
peak intensities. The final score is calculated using a normal-
ized dot-product algorithm that compares the theoretical and
observed peak intensities of respectively the candidate se-
quences and the tags. Multiple tags that match the same
complete peptide sequence contribute to increase the final
score. This sequence tag implementation is useful for identi-
fying peptides with unknown post-translational modifica-
tions or sequence variations.

Popitam [159] employs a different approach that exploits
a graph structure in association with database searching. The
real innovation of this method lies in the identification step
of the tags extracted from the graph. While identification
methods based on tag searching typically try to extract tags
and then use them to find peptides in the database, Popitam
utilizes the database to direct the search and to detect rele-
vant sections in the graph from which the peptides can be
scored. The first step of the algorithm consists in transform-
ing the source MS/MS peaks into potential singly charged b-
ion fragments that are structured in a graph in the same way
most of the de novo sequencing algorithms do. The graph is
then compared with theoretical sequences extracted from the
database leading to a similarity score for each extracted pep-
tide sequence. In Popitam, the aim is to find all possible se-
quence tags from the database that fit in the graph. The final
score of the extracted peptide from the database reflects a
sort of “fitness” of the tag in the graph path. The combinato-
rial problem of the optimal path in the graph has been par-
tially solved by implementing the Ant Colony Optimization
(ACO) metaheuristics. Some apparent limits have arisen in
the efficient identification of incomplete ion series lacking
one or more ion fragments but these have been partially
solved by shifting from a Full Path Algorithm approach to a
Tag Algorithm which allows extracting weighted sections
from the graph rather than entire paths. This method has
been designed to meet the still unanswered needs of present
PST limits enhancing the potentiality of algorithms to detect
post-translational modifications and protein isoforms.

The subtle boundary between pure de novo sequencing
methods and PST approaches is likely to begin to blur and
will eventually disappear. A new era of efficient tag extrac-
tion techniques borrowed from de novo sequencing ap-
proaches should stimulate this field. Present SPC computa-
tional costs will also come down, particularly for the task of
post-translational modifications detection in the face of huge
sequence databases. In addition, these approaches generally
have to overcome the problem of assessing the false positive
rate detection. On the contrary simple PST-based approaches
may still miss correct hits, albeit with generally low false
positive rates, due to their limited capacity to generate a suf-
ficient number of ranked tags to search for. Pure de novo se-
quencing methods have to overcome the interpretation draw-
backs of low quality spectra, unusual fragmentation and
ionization patterns that lead to incorrect reconstruction of the
complete peptide sequence. For these reasons the interest has
been shifting towards developing novel algorithms that may
benefit from the strong points of each technique, such as in
Popitam and GutenTag. The most promising approach seems
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to combine different algorithms developed in different areas.
A more efficient integration of de novo sequencing tech-
niques for peptide sequence tag identification coupled with
efficient sequence database searching algorithms based on
SPC approaches could be a winning strategy to enhance tan-
dem mass spectra analysis and peptide identification.

4.3.1. Similarity Searching

The first step of PST methods is to detect clear sequence
tags that generally do not cover the entire tandem mass spec-
trum from where they are extracted. To complement these
fragmented pieces of information, these small tags are used
in similarity searches against a protein databank to find puta-
tive candidate peptides that may fit the complete spectrum.
These techniques have been extended and applied even to de
novo sequencing methods used in hybrid approaches with the
intended goal to assess the final rank of putative identified
peptides as discussed later on.

MultiTag [160] is a sequence similarity search algorithm
specifically designed to help the characterization of proteins
from organisms with unsequenced genomes allowing for
matches of multiple error-tolerant sequence tags that may be
very short, between two and four amino acids in length. Pre-
vious methods have been based on modified FASTA [161]
(FASTS [162] and ClDentify [141]) and BLAST [163] (MS-
BLAST [164]) algorithms. These methods can deal with the
peculiarities and ambiguities of sequences obtained from
MS/MS data as isobaric amino acids (leucine / isoleucine
and glutamine / lysine) and amino acids whose mass is the
same mass as certain dipeptides (glycine + glycine = aspar-
agine). Modified substitution matrices, the use of undefined
amino acid symbols and the chance of performing searches
against nucleic acids database that are in silico translated into
all six reading frames are part of the common features of
these tools. FASTS searches with peptide sequences of un-
known order, evaluating all possible arrangements of the
peptides, while ClDentify allows for multiple query se-
quences whose scores are summed at the end of the process.
A further modification to the original algorithm is the use of
the k-tuple [165] set to one because of the short query se-
quences used in the search. In addition, the algorithm does
not allow for gaps in the match to avoid spurious hits. MS-
BLAST is more efficient in large database searching thanks
to the original algorithm implementation of BLAST and has
proved to perform well in proteome-wide identification of
unknown proteins [166]. MultiTag, compared with BLAST
and FASTA based methods, is less generic and is an exam-
ple of a specifically designed tool for exact sequence
matches of very short peptides, which are represented by an
N-terminal mass, usually three amino acids, and a C-terminal
mass. It employs a robust statistical evaluation of true posi-
tive hits based on expectation values of the multiple error-
tolerant matches and recent benchmarking has demonstrated
that the algorithm performs very well in nucleotide database
searches [167].

Another extension of the classical similarity searching
tools has been proposed in OpenSea [168], using what the
investigators called a “mass-based” algorithm to align am-
biguous de novo sequences to protein database entries. The
algorithm identifies, in the first step, a list of clear sequence
tags, typically generated by a de novo sequencing program,
that are not broken by ambiguous mass regions. These tags
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are used as queries in a string database search. Candidate hits
are then subjected to mass-based alignments so that amino
acids encompassing the short tag match in both the query
and database sequences are converted into their correspond-
ing masses. A series of consecutive local alignments on ei-
ther side of the tag match are made to form a complete
alignment using a “breadth-first search” algorithm. All the
combinations of amino acids of candidate sequences are
searched within a certain mass tolerance to fit the observed
mass intervals in the query mass spectrum. The search con-
tinues up to two database residues versus two query residues
and the final score is a linear combination of the summed
peptide alignment scores. Mass-based alignment of de novo
sequences is a further step towards a more accurate identifi-
cation of sequence variations and post-translational protein
modifications [169].

As with SPC methods, substantial efforts have also been
directed towards reducing the computational cost of se-
quence tag searches. One particularly successful approach
has been to exploit a robust filtration technique to rapidly
eliminate candidate sequences in a database search while re-
taining the true positive hits [155]. The direct consequence
of this approach is a dramatic decrease in computational time
without significantly affecting sensitivity and specificity.
The method makes use of two modified versions of the Pep-
Novo algorithm for de-novo sequencing (see 4.2.1 De novo
sequencing — graph theory approaches) to generate the tags
from the spectrum as accurately as possible: PepNovoTag
extracts all substrings from the PepNovo reconstruction re-
sults and LocalTag searches all sub-paths of the spectrum
graph extracted from PepNovo. The final scores of the ex-
tracted tags are assigned using a logistic regression model.
The database search is performed by InSpecT [170], a novel
database searching algorithm that implements the concept of
filtering the database by selecting a small fraction of putative
true positive hits from the rest. In its present incarnation, In-
SpecT uses a Tag generation model that is a modified ver-
sion of de-novo spectrum interpretation based on a direct
acyclic graph that retains up to 50-100 best tags of length 3
for the subsequent database search. It was originally de-
signed to improve large database searches for possibly modi-
fied peptides by implementing an ordered tree data structure
called ‘trie’ to speed up computational analysis. The candi-
date peptides are ranked according to their relative likeli-
hoods of generating the mass spectrum. The final score is an
optimal linear combination of four components as follows:
candidate scores (S), explained intensity of a candidate (I)
that is the fraction of total ion current belonging to annotated
spectral peaks, explained peaks (P) that is the fraction of the
peaks that are annotated and b/y ion score (B) that is the frac-
tion of b and y ions found in the spectrum Qfinal_score = W1S +
Wl + w3P + w,B.

The weights w; have been tuned on a training set to dis-
criminate correct matches from incorrect matches. Thanks to
the modular nature of the method, future developments in
tagging, filtering and scoring will eventually solve some of
the weaknesses of this tool.

The tag-based approaches coupled with efficient tag gen-
eration techniques based on de novo sequencing methods and
efficient database searching is certain to be one of the main
future directions for tandem mass spectra analysis. However,
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de novo sequencing very often gives only partially correct
tags and new efforts have been addressed to define a strategy
for this type of homology-tolerant database searches [171],
as in SPIDER [172], that is able to efficiently match se-
quence tags with errors to database sequences. A different
approach has been chosen for DeNovolD [173], a web tool
tailored towards improving database searches of de novo se-
quencing results. It is based on a new paradigm, relative to
common database searching algorithms, as it depends solely
on the amino acid composition of the peptide and not its se-
quence [174]. The program converts and maps the composi-
tion of each peptide to a vector, allowing peptides to be
compared using vector algebra. The match between a query
and a database peptide is measured as the Euclidean distance
between the vectors representing the query and database pep-
tides. Many of the problems associated with standard se-
quence search methods are avoided using composition in-
stead of sequence, as well as an algorithm that is peptide
length independent.

The key feature of these hybrid approaches is that they
have the potential to be of enormous use for unannotated iso-
forms, post-translational modifications and cross species
homologues that are usually missed by automatic tools and
generally need greater computational power. In small-scale
proteomic projects manual intervention of an expert is the
only feasible solution to assess the results but further efforts
need to be addressed to make effective automatic detection
of ambiguous cases even for large-scale proteomic projects.

5. HANDLING LARGE DATA SETS: STANDARDS,
SPECTRA PRE-PROCESSING AND CLUSTERING

With the advent of large-scale proteomic projects, novel
technical hurdles have emerged and the developers’ commu-
nity has rapidly focused their efforts on both the manage-
ment of large data sets following acknowledged standards
and the pre-processing of spectra to reduce the computa-
tional time of protein identification.

In the general work-flow, the precursor (MS) and tandem
(MS/MS) mass spectra data are acquired and stored by the
mass spectrometer as raw binary files. Usually, mass spec-
trometers vendors provide software to process raw files (e.g.
smoothing and centroiding of peaks) and to convert them
into text file formats (.dta, .pkl, .mgf) consisting of a list of
precursor m/z values and charge followed by m/z values of
the MS/MS fragments and their intensity.

After data acquisition, the mass spectra processing con-
sists basically of the following steps: 1) spectrum denoising
2) peak deconvolution 3) precursor ion charge state recogni-
tion 4) fragment ion assignment. These processed files are
the fundamental units of database searches, and some labs
develop in-house software to handle them. Therefore, in pub-
lished works the extent of data processing and adopted crite-
ria are sometimes unclear, in some cases because they are
unknown to the researcher due to the use of proprietary
software. The definition of a common set of guidelines for
data evaluation and processing is still in its infancy, but the
huge amount of data being produced makes these standards
crucial, as highlighted also during the last international HU-
man Proteome Organization (HUPO) congress (Munich,
2005) [175].
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The HUPO Proteomics Standards Initiative (PSI) has de-
voted considerable effort towards community standards for
data representation (http://psidev.sourceforge.net/) [176,
177]. In particular, PSI-MS is focused on mass spectrometry
and suggests mass spectrometry data formats to make data
exchangeable among different research teams. PSI-MS sup-
ports the mzData standard (developed in XML) for capturing
MS peak lists acquired in different formats. A list of MS
companies and organizations currently working on the im-
plementation of mzData to convert their raw data files can be
found in the above-mentioned web site. In the same context,
Gardén et al. are maintaining an open resource (PROTEIQS)
at Lund University (Sweden) for managing proteomics data
obtained from different sources [178]. Their application sup-
ports the mzData format and is freely available at http:/
/www.proteios.org.

Recently, the mzXML format has been developed to pro-
vide a common data interface between mass spectrometers
and data analysis pipelines [179]. The “MS native output” of
different mass spectrometers can be converted to mzXML
format to facilitate the most common proteomics applica-
tions, including database searching, de novo sequencing and
quantification. As the XML format does not support binary
data, the mass spectrometry acquired m/z and intensity pairs
are encoded in mzXML in base64. An open-source full ver-
sion and the description of the mzXML schema can be found
on the project homepage http://sashimi.sourceforge.net. The
mzXML format will provide a common language for differ-
ent mass spectrometers and most importantly will enable the
exchange and the objective comparison of data acquired by
independent laboratories. Very recently HUPO PSI has de-
cided to fold the mzData format into the more comprehen-
sive mzXML.

There are several other valuable and freely available web
tools for multiple protein sequence annotation that deserve to
be mentioned because of their utility in retrieving informa-
tion for multiple protein sequences. Information such as an-
notation (from different databases), structure, function etc.
can be retrieved by means of the integrated database MPSS
[180]. Related resources are DASTY - a DAS client (Dis-
tributed Annotation System) for the visualization of protein
feature sequence information (http://www.ebi.ac.uk/das-
srv/uniprot/dasty/) - and UniProt DAS which acts both as a
reference and as an annotation server [181].

The algorithm Fulspec [182] takes into account the
chromatographic properties of detected analytes prior to
MS/MS fragmentation in a flexible manner. Basically, the
precursor ion is selected based on real-time monitoring of
the chromatographic separation. Exclusion of broad, tailing
peaks and putative low-quality mass spectra precursors is
thereby achieved. However, as is the case of other algo-
rithms, extensive validation and incorporation into instru-
ment software has yet to be implemented. A statistical ap-
proach has also been proposed for the systematic evaluation
of MS/MS mass spectra to be used off-line to address in-
strumental settings improvement [119].

From a naive point of view one might be surprised by the
small percentage of acquired MS/MS spectra that are even-
tually used for database identification. The reasons for this
inefficiency are numerous but include non-specific cleav-
ages, post-translational modifications and other not yet clari-
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fied events, in addition to spectra generated from non-
peptide ions (i.e., 'junk’). This means that a lot of information
is lost but it also represents a major opportunity for reducing
the size of the MS/MS dataset prior to the actual database
search. Burlingame et al. [183] examined 3269 collision-
induced dissociation spectra acquired on a quadrupole time-
of-flight hybrid mass spectrometer and concluded that 72%
of spectra from this type of instrument were identifiable
through various means. While a Herculean effort and very
informative, this manual approach is obviously not generally
applicable to high-throughput experiments. Yates et al. [184]
used Quadratic Discriminant Analysis and Support Vector
Machines to filter out bad spectra, achieving an impressive
75% reduction in bad spectra in exchange for only a 10%
reduction in good spectra.

Another approach for reducing the amount of data to fa-
cilitating database searches and data validation involves the
grouping of raw data into a lesser number of representative
clusters. Pep-Miner was designed to cluster MS/MS spectra
from multiple LC-MS/MS runs [185] by assigning spectra to
a cluster based on the mass difference between peaks.
Moreover, only the highest peaks in each spectrum were
considered and similarity scores were calculated. The major
limitation was due to the fact that different charge states of
the same peptide ended up in different clusters because of
the non-similarity of the MS/MS spectra. Pep-Miner can per-
form correlation and prediction of LC retention times
throughout different LC runs in order to improve peptide
identification (particularly useful when the fragmentation
quality is poor). Retention time prediction is based on amino
acid hydrophobicity and learns from a set of training pep-
tides. The algorithm has been tested on the proteome of lung
cancer cells and on cancer MHC peptides.

Reducing computational tasks such as database searching
will no doubt reap benefits by increasing efficiency but sev-
eral issues still remain. In the analytical pipeline the bottle-
neck is at the level of data acquisition in the mass spectrome-
ter, but in the bigger scheme of things the biological workup
and the functional validation (when it is done) take far more
time.

6. THE PITFALLS OF PROTEIN IDENTIFICATION
METHODS

While automated methods for identifying proteins from
mass spectra are far more developed than for lipids or poly-
saccharides, they still have a long way to go before they are
as robust as DNA sequencing. As mentioned, a large fraction
of acquired fragment spectra do not identify any peptides
and while a majority of these un-used spectra are simply of
poor quality, many appear to be interpretable. Of course, for
PST and SPC approaches the peptide that gave rise to a spec-
trum must be in the database being searched in order for it to
be identified. Even for organisms whose genomes have been
sequenced this is still a problem but annotation groups
around the world are constantly updating the sequence re-
positories with newer gene predictions so presumably this
problem will be overcome. For species where incomplete
sequence information is available one solution has been pro-
posed to efficiently identify cross-species proteins in an inte-
grated approach making use of Expressed Sequence Tags
(EST) [186]. Nevertheless, protein databases are growing
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exponentially thanks to whole genome sequencing projects,
mitigating the shortcomings of missing information in many
cases.

Even with fully sequenced genomes though, much in-
formation about polymorphisms and splicing variants re-
mains undocumented [187]. This can cause difficulties in
peptide detection since error-tolerant matches are still an
open issue and their statistical significance difficult to assess
correctly. One solution might be to query a collection of sev-
eral species at once, although specificity would then be di-
minished. A large, comprehensive and multi-species data-
base, by presenting a much larger search space, would in-
crease the false positive rate since one spectrum is more
likely to match more than one entry. The degree of ambigu-
ity is strictly dependent on the database size and the number
of tandem mass spectra used. The combinatorial explosion of
the search space becomes even more problematic when con-
sidering post-translational modifications.

De novo sequencing, on the other hand, suffers from the
uncertainty of incomplete tandem mass spectra that may
yield either a false—positive or a partial sequence of the pre-
cursor peptide. Integrated and hybrid approaches of pure de
novo sequencing used in conjunction with efficient database
searches developed for PST approaches have certainly im-
proved present standards and overcome some limits of both
PST and de novo tools taken separately but more efforts are
still necessary and required.

6.1. The Future of Peptide/Protein Identification

The present focus in evaluating large datasets of frag-
ment spectra seems to be shifting towards platforms that in-
tegrate different approaches and tools, as in VEMS [188] and
DBParser [189]. The idea is certainly to get to a consensus-
based framework that may gather information from different
analysis tools. The underlying idea is that low-scoring, iden-
tified proteins may get significant and effective hits if con-
current and independent methods agree in the detection of
the same protein [131]. Importantly, the field of proteomics
is now largely in agreement about one simple rule: proteins
should only be considered identified on the basis of two in-
dependent, non-overlapping and unique peptide sequences.

As already said, HUPO is the international umbrella or-
ganization representing proteomics researchers and is spear-
heading several projects such as HPPP [190,191]. HUPOQO's
primary goal is to promote new experimental guidelines and
standards to stabilize present protocols in lab procedures and
analysis tools [192]. Working in this direction, the novel re-
pository platform PRIDE (Proteomics IDEntification data-
base) [193] has been specifically designed to collect experi-
mental data from proteomics experiments in a format arrived
acknowledged by HUPQO's PSI. Recently PRIDE has been
recognized as the reference database for proteomics projects
and now includes the experiments coming from the GPM
(Global Proteome Machine) [81] database, which shares the
same goals. In the future, the wide availability of controlled
and assessed experimental data will certainly give raise to
novel methods able to exploit this valuable information
through more sophisticated machine learning approaches. A
pilot study has already been described on the occurrence of
“proteotypic peptide sequences” [194], those peptides in a
protein sequence that are most likely to be confidently ob-
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served by present proteomics methods. An experimental web
service that implements the search of an input spectrum
against a library of experimental spectra (that were confi-
dently assigned to a particular peptide sequence), has been
also created and called X!HUNTER. If successful, one at-
tractive outcome of this project should be a much better un-
derstanding of the fragmentation process.

7. BIOMARKER DISCOVERY

Certainly the most active field of proteomics involves the
search for biomarkers diagnostic for specific diseases. This
work focuses mainly on proteomic profiling of blood [195],
but other body fluids are being investigated for the same
purpose, e.g. urine [196]. The HUPO’s Plasma Proteome
Project (HPPP), started in 2002, represents the joint effort of
thirty five research groups all around the world who have
been involved in the annotation of plasma-derived proteins
and their bioinformatics analysis [191] (see also http:/iwww.
plasmaproteomedatabase.org). Plasma is particularly inter-
esting for disease biomarker discovery because it interfaces
with many different organs in the body but the pitfalls in-
volved in its analysis are many: the concentration range be-
tween albumin and the 'interesting' proteins, the presence of
very high levels of intracellular proteins as a result of cell
lysis, highly variable results between individuals. The data
from all thirty five research groups were collected on differ-
ent instruments using multiple configurations and so they are
highly variable. To address some of the complexity, Ping et
al. undertook a functional annotation of the plasma proteo-
mic data from all groups involved [197]. The main goal of
the HPPP is to develop reproducible methods for the collec-
tion and analysis of samples with the hope of discovering
discriminating, genuine biomarkers. While an enormous
amount of efforts has been invested in this endeavor, the
goal remains elusive. What is clear, however, is that collabo-
ration between research teams with different expertise is cru-
cial, especially with more bioinformaticians and statisticians.
Geurts et al. [198] have pointed out that classical statistical
tests are simply not robust enough for the analysis of the
volumes of data that can come out of proteomic experiments.
They go on to say, though, that this limitation could be over-
come by the development of machine learning methods
(tree-based ensembles and kernel-based methods). Indeed,
the authors themselves developed decision tree-based soft-
ware and applied it to SELDI-TOF-MS data for the diagno-
sis of rheumatoid arthritis and inflammatory bowel diseases.
In order to study ovarian cancer, Yu and Chen developed
Bayesian neural network models for SELDI-TOF-MS data
[199] whereas Tibshirani et al. proposed the peak probability
contrast technique [200]. After peak smoothing and cen-
troiding, the authors extracted a number of clusters of peaks
in the spectra by means of principal component analysis
(PCA). The most discriminatory quantile height was deter-
mined and based on those features that were derived from
new samples for the evaluation of spectra. Another interest-
ing application of PCA was proposed by Bryant et al. [201]
to discriminate between hepatic protein mixtures from rats
treated with either methapyriline or SB-219994. Although
carried out as a preliminary study on a limited number of
gel-bands, the ability of PCA to identify differences in com-
plex related protein mixtures was here demonstrated. A dif-
ferent algorithm was proposed by Bensmail et al. and per-
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formed well with SELDI-MS data from the sera of seventy
individuals infected with the virus HTLV-1 [202]. Cluster
analysis based on a Bayesian-Fourier approach was used to
distinguish the proteomes of adult T-cell leukemia-affected
patients from spastic paraparesis-affected patients, two dis-
eases both associated with HTLV-1 infection. Based on the
mass information only, they obtained two different clusters,
whereas three different clusters (normal, leukemia, parapare-
sis) emerged when either the intensity dataset or the
mass+intensity combined datasets were used. Yet a different
application of cluster analysis was shown by Lancashire et
al. in the identification of the bacterium Neisseria meningi-
tidis from closely related taxa (Neisseria gonorrhoeae) [203]
based on SELDI-TOF-MS proteomic data. Here, artificial
neural network analysis was used to train 3 kDa blocks over
the data mass range and by modeling the ion intensity pro-
files of each sample.

We have not covered exhaustively all the different ap-
proaches to statistical analysis and evaluation of large
datasets but the increasing interest in this field, as evidenced
by current literature, is encouraging. This trend seems likely
to continue and provide proteomics investigators with the
right tools to achieve higher and higher levels of reliability.

8. POST-TRANSLATIONAL MODIFICATIONS

Another popular and perhaps the most powerful biomedi-
cal application of mass spectrometry is the investigation of
post-translational modifications (PTMs), although the im-
plementation remains a non trivial task (see reviews [68,204-
208] for details on this topic). PTMs occur in the cell after
the protein has been translated from the mRNA template,
and this post-processing of amino acids is very frequent. The
functional groups can only be identified at the protein se-
quence level and serve to modulate protein integrity and in-
teractions, as targeting signals for delivery of proteins into
specific locations inside the cell and for transport across
membranes. Some examples of important protein modifica-
tions are phosphorylation (pTyr, pSer, pThr), glycosylation
(N-linked and O-linked), acetylation, methylation, fatty acid
modification, sulfation, deamidation, ubiquitination, sumoy-
lation. As proteomic studies produce reams of new informa-
tion concerning PTMs, the Swiss-Prot knowledge base is try-
ing to standardize the annotation of PTM features contained
within it [209]. Mapping PTMs by mass spectrometry re-
mains challenging for numerous reasons; first, sufficient
quantity of protein is required, and usually affinity purifica-
tion is needed in order to enrich the sample with the modi-
fied proteins. Moreover, testing for post-translational modi-
fications involves a considerable computation cost for search
engines, especially in the case of complex samples. Addi-
tional complexity is added by the possibility of combined
PTMs on different amino acids of the same peptide. Lu and
Chen found that the database search process could be accel-
erated by pre-processing the protein sequence database and
the tandem mass spectra prior to matching [98]. For the same
purpose, MacCoss et al. extracted the subset of database-
identified proteins and put them into a new database. They
then repeated the searches by considering several PTMs
[205]. Hansen et al. developed an algorithm (P-Mod) to dis-
cover unanticipated protein modifications from database
identified peptides [210]. MS/MS data files were screened to
find mass shifts between identified peptides and measured
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values, and finally scored. Local sequence preferences of
short residues around the PTM sites were also used to train
sequence models by support vector machines [211,212].
Searle et al. used the OpenSea algorithm [168] to first align
de-novo sequencing-derived peptides to protein sequences in
databases and then assumed regions of non-match to be ei-
ther amino acid substitutions or modifications [169]. The
method was tested on the PTM-rich lens tissue and was able
to confirm several previously known PTMs, as well as to
identify new ones. In addition to Swiss-Prot, which main-
tains the annotation of PTMs for given proteins there are
three general repositories of PTMs, Unimod [213], Del-
taMass and Resid [214].

The “Top-Down” approach consists of the MS analysis
of intact proteins and represents one of the new directions in
proteomics. PTMs have been characterized in a “Top-Down”
approach [215] based on searching of protein fragment ions
against databases annotated with both native and PTM-
modified proteins (from the Resid nomenclature). The “abso-
lute mass search” function matched protein, b/y and c/z
masses to database entries, and derived probability scores
based on the Poisson model. This function could then be
combined with sequence-tag based searches.

To identify PTMs from peptide mass fingerprinting data,
Gattiker et al. developed FindPept, which is integrated in the
EXPASYy suite of proteomic tools [216]. The program sup-
ports plain text, .dta and .pkm data file formats, and is also
particularly useful since it can report an unlimited number of
missed cleavages (the frequency of trypsin missed/unspeci-
fic cleavages is relatively high). It was shown that the tryptic
rule of cleavage after Lys and Arg (except if followed by
Pro) is not exhaustive, and that charged adjacent residues can
have a strong influence on the cleavage efficiency [217].

To aid in the interpretation of 2D-gel separated proteins,
Halligan et al. developed ProMoST [218], a program that
calculated protein pl and molecular masses and examined the
effect of single or multiple PTMs on the relative position of
migration on 2D gels. This tool could provide valuable assis-
tance in the comparison of observed spots with patterns of
spots predicted for different PTMs. A similar web resource is
ProteoMod, based on the calculation of pl shifts between
PTM-modified and unmodified proteins to derive the num-
ber of phosphorylations [219]. Other PTMs were also de-
scribed therein.

Phosphorylation and glycosylation are recognized as
fundamental components of signaling and recognition path-
ways. Glycans are undoubtedly the most complex structures
in this context. Indeed, the type, number, position, branching
and further modifications of individual sugar residues can
vary widely (see [220] for a nomenclature of glycan MS/MS
fragments). The GlycoSuiteDB is an annotated relational da-
tabase that contains glycan structures of many biological
sources which are derived from the literature [221].
Lohmann et al. developed GlycoFragment to calculate all
possible fragments of complex carbohydrates in a database,
and GlycoSearchMS to compare experimental MS fragments
with calculated fragments [222]. Tang et al. described an al-
gorithm (GLYCH) for the characterization of glycans using
MS/MS [223] that also considered cross-ring ions resulting
from internal cleavages.
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It has been estimated that one-third of all the human pro-
teins could be phosphorylated, therefore large-scale phos-
phoproteomic studies stand to add great value of our under-
standing of cell processes. Phosphorylation analysis has of-
ten been reported as problematic due to suppression effect of
phosphopeptide ionization in the presence of unmodified
peptide and lower ionization efficiencies in general. Never-
theless, Steen et al. used mixture of standard peptides to
demonstrate that most of these arguments are questionable
and that powerful affinity purification procedures could
compensate for the low percentage of modified/unmodified
peptides in biological mixtures [208]. Zhou et al. developed
an in silico prediction method named GPS based on the clus-
tering of all the phopshorylation sites of 52 protein kinase
families. They then calculated the distance of peptide se-
quences to the clusters and scored potential phosphorylation
sites for the kinase represented by that cluster [224]. Zaho’s
et al. algorithm reconstructed all possible peptide sequences
of a precursor ion and used them to derive the most probable
phosphoprotein [225].

9. MASS SPECTROMETRY FOR PROTEIN QUANTI-
FICATION: CHALLENGES IN PROTEOMICS

Before the advent of mass spectrometry for the study of
large pools of proteins, protein quantification relied mainly
on the use of stains and antibodies. Nevertheless, the com-
parison of staining intensities of gel-electrophoresis-
separated proteins suffers from low accuracy and provides
only rough estimates of protein levels. Antibody-based ap-
proaches, though highly sensitive, are hampered by ques-
tions of specificity. Thanks to ongoing improvements and
research into new technologies, mass spectrometers in com-
bination with software tools can now quantify hundreds or
thousands of proteins in tissues, cells, microorganisms, or-
ganelles and body fluids. The number of studies based on
quantitative proteomics is increasing very rapidly, and excit-
ing insights into cell biology and diagnostics have already
been achieved using these approaches. In clinical applica-
tions, differentially expressed proteins in normal versus dis-
eased samples can be identified. Mass spectrometry-based
quantitative proteomic approaches fall into two main catego-
ries: absolute and relative quantification.

In absolute quantification, either the real concentration of
single proteins within the sample or the protein copy number
can be determined, in principle. To date it is not possible to
accurately quantify relative amounts of different proteins
within the same sample (and therefore in one single analy-
sis), because the peptide/protein ionization efficiencies and
mass spectrometry signals depend on the amino acid compo-
sition. Despite some recent achievements in absolute quanti-
tation, the measurement of protein abundance in complex
samples remains challenging.

In the most widespread approaches, the relative amount
of peptides and proteins can be determined between two or
more different samples (e.g. different cell states, healthy vs
diseased, normal vs treated, tissue A vs tissue B vs tissue C,
etc.). One of the most popular approaches in relative quanti-
fication is to determine peptide amounts from the ratio of
isotopically “light” and “heavy” peptide analogues. The ratio
of the peak intensities is directly correlated with the ratio of
abundance of the peptide in the two samples.
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9.1. Relative Quantification

There are several ways to incorporate heavy isotopes into
proteins or in peptides, including the use of cell culture me-
dia containing heavy isotopes (e.g. >N or *°0), metabolic
labeling in media enriched in stable isotope-containing
amino acids (e.g., SILAC) and chemical reactions with iso-
topically-labeled tags (e.g., ICAT, iTRAQ, HysTag). A large
number of methods, some very similar to one another, have
been described for chemical or metabolic incorporation of
mass tags (see [226] for a comprehensive review of these)
but the one thing common to all these methods is the re-
quirement for extracting the quantitative data from raw mass
spectra after analysis. By digesting proteins in **0-contaning
media (such as H,'®0), oxygen atoms at the C-terminus of
forming peptides are exchanged for the heavy isotopic form
[227]. Two independent samples can be differentially labeled
with 20 and *®O (unlabeled) for relative peptide quantifica-
tion. An interesting program (ZoomScan) has been devel-
oped that uses high resolution zoom scan spectra acquired
with ion trap instruments to calculate the ratios of *°0 la-
beled to *°O unlabeled peptides [228]. Three different meth-
ods were used to derive the theoretical isotopic envelope dis-
tribution of database-identified peptides. These distributions
were then used to evaluate the contribution of labeled and
unlabeled peptides to the peak areas. In the SILAC apgroach
[229], cells are cultured in media containing *C and °N en-
riched essential amino acids (**Cs-Arg, *Cs-Lys, Ce™N,-
Arg). After several cell doublings, all the proteins in the cell
will incorporate these amino acids. This approach was very
effective in comparing protein expression in normal vs
treated cell cultures. Normal and labeled lysates were first
mixed, and then digested with trypsin. Mass spectrometry
data were searched with MASCOT, specifying the labeled
amino acids as variable modifications. MSQuant [230] is a
more generic package that was originally developed to quan-
tify SILAC [229] data but it has since been adapted to any
survey scan-based quantitation. MSQuant works with a Mas-
cot output to link search results to the underlying raw data.
One unique feature of MSQuant is how it calculates differ-
ences between the control and experimental conditions. Most
such calculations are based on integrating the area under the
chromatographic peak of each of the ions being followed.
However, for isotopically-enriched tags that co-elute with
the normal isotopic abundance forms (e.g., deuterated
leucine does not co-elute with hydrogenated leucine from
reversed phase material whereas **C-labelled leucine does
coelute with normal isotopic abundance leucine) MSQuant
also calculates a weighted average of the ratios in each sur-
vey scan comprising the chromatographic peak. This effec-
tively reduces the measurement error for each ratio and pro-
vides a value for that error in the variability across the peak.
For a recently published application of SILAC see [231]. In
another approach, amino acids containing *°N were included
in animal diets to obtain isotopically-labeled proteins in all
the animal tissues [232]. Proteins were searched against two
different databases; one normal database and one that had
been *°N-corrected to take into account the mass shift due to
the heavy isotope incorporation. lon chromatograms were
extracted from raw data using a modified version of the pro-
gram EXTRACT-CHRO [233]. The program EXTRACT-
CHRO was tested on yeast cultured in **N-enriched minimal
growth media. After deriving the peptide sequences of inter-
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est from SEQUEST results, the program was used to predict
the isotope envelopes for both the **N and *N-labeled pep-
tides. This information was further exploited to estimate the
m/z range in order to extract ion chromatograms for 100 MS
precursor scans surrounding the ion. Quantitative peak
analysis and evaluation of the extracted LC pairs were per-
formed using the program RelEx (RELative EXpression).
RelEx performed peak smoothing, background subtraction
and calculation of labeled to native peptide ratios. In a dif-
ferent version, RelEx was modified to perform quantification
from MS/MS spectra rather than from MS scans [234]. Here,
successive windows of 10 m/z were isolated and subse-
quently fragmented throughout the mass spectrum. The
software attempted the reconstruction of the ion chroma-
togram from fragment ions intensities in the MS/MS spectra,
resulting in increased signal/noise. Nevertheless, the large
mass window that had to be used by the database search al-
gorithms likely resulted in a very high number of false posi-
tive identifications. A cross-correlation algorithm was also
introduced to derive the peptide mass from its MS/MS spec-
trum. According to the authors, further improvements are
required to handle MS/MS spectra convolution caused by the
co-elution and fragmentation of isobaric peptides.

Another method is to chemically modify proteins by la-
beling some reactive amino acid groups with stable isotope
labels. Usually, two protein samples are reacted with either
the light or the heavy form of the label. A more comprehen-
sive view of the chemical tagging methods in quantitative
proteomics can be found in a recent review by Ong and
Mann [226]. Some examples will help clarifying this ap-
proach. In the Isotope-Coded Affinity Tags (ICAT) method
[235] two different protein mixtures were tagged using bio-
tin-derivatized affinity tags containing a heavy/light isotope
linker and a thiol-reactive group. Relative protein levels
could be derived by measuring peak ratios of the heavy/light
peptide forms. The XPRESS software developed for ICAT
experiments [109] (http://tools.proteomecenter.org/XPRESS.
php) reconstructs the elution profiles of the heavy/light iso-
topes to derive area ratios. In a similar approach brain
plasma membranes from two different brain regions were
targeted with thiol-reactive peptides (HysTag) containing
either deuterium-labeled or normal isotopic abundance
alanine [236]. Relative quantification of tagged vs non-
tagged common peptides in the two samples was performed
with MSQuant (see above) by adapting the software to take
the HysTag mass shift into account. More recently, Applied
Biosystems has introduced isobaric Tags for Relative and
Absolute Quantitation (iTRAQ) [237]. The major difference
between iTRAQ and the other stable isotope methods men-
tioned here is that iTRAQ quantitation is at the level of tan-
dem mass spectra rather than on survey scans since each of
the different labels is isobaric and only the fragments are of
different masses.

9.2. Absolute Quantification

The basic principle underlying relative quantitation can
be extended to measure absolute levels of analytes by spik-
ing known amounts of isotopically-labelled standards into a
sample. The unlabeled experimental peptide and the labeled
standard peptide undergo the same sample preparation and
mass spectrometric detection, therefore the ratio of their ion
intensities should be accurate enough to derive a quantitative
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measurement of the native peptide based on the concentra-
tion of the spiked peptide. To this purpose, peptides have
been synthesized with incorporated stable isotopes (e.g. **C
and N enriched Leucine) that mimic native peptides in pro-
tein samples. These peptides can be used as internal stan-
dards to provide absolute protein quantification by mass
spectrometry. In addition, the AQUA (Absolute QUAntifica-
tion) strategy was applied to mimic native peptides contain-
ing post-translational modifications [238]. Standard peptides
incorporating O'® into carboxyl-terminal moieties of tryptic
peptides were spiked with known amounts of simple protein
mixtures [239] to test the reliability of in solution and in gel
absolute quantification of proteins. Here, the quantification
was based on doubly charged precursors, and the areas of
monoisotopic peaks of the highest intensity y-ion fragments
were exclusively considered. The amount of peptides in the
mixtures was determined from area ratios by using commer-
cial software. As the monoisotopic peaks of 0 and 20 pep-
tides are spaced from each other by 2 Da, a deconvolution
algorithm was applied to handle overlaps of isotopic clusters
and calculates their individual contributions to the peak areas
[240]. Interestingly, the authors showed that MALDI-MS
and nanoESI-MS produced consistent results in **0 quantifi-
cation, although longer acquisition times of nanoESI pro-
vided better accuracy in the measurement of peak areas.

Internal standards are particularly useful for the quantifi-
cation of selected proteins in reasonably simple mixtures.
The LC (Liquid Chromatography) traces of selected peptide
ions can be extracted in a narrow time window and the ratio
between the native and the internal standard peptide abun-
dance determined with the help of software packages.
Clearly, due to the complexity and costs, only a limited
number of internal standard peptides can be introduced in
one sample, so this approach can only provide the accurate
quantification of a limited number of proteins. Based on pub-
lished studies, data analysis is usually performed by in-
house-developed programs that extract ion chromatograms
and derive peak areas from raw data in different ways. Un-
fortunately, a thorough documentation of the software pack-
ages used by individual labs is not always provided together
with the published proteomic data. The well-established
method of external calibration used in both gas-chroma-
tography mass spectrometry (GC-MS) and LC-MS (for the
analysis of small organic molecules such as pesticides, pol-
lutants, amino acids, drugs, hormones, lipids and carbohy-
drates, hydrocarbons [34,241,242]), was recently applied to a
proteomic study to estimate the concentration of rhodopsin
[243]. Standard curves were obtained from mass spectrome-
try of synthetic peptides spiked at different concentrations,
demonstrating acceptable recoveries and measurement accu-
racies of both non-labeled external standard and labeled in-
ternal standard peptides.

Very recently, a number of independent studies have
demonstrated the reliability of label-free ion-intensity-based
peptide quantification in related samples. It has been shown
that by spiking complex protein samples such as the human
serum with different amounts of standard proteins, a linear
response can be observed. It is tempting to jump to the con-
clusion that by carefully monitoring the experimental condi-
tions, ion intensities could be correlated with peptide con-
centration but further validation of this concept is required.
Due to their variable amino acid composition, peptides are



Mass Spectrometry Data Analysis in the Proteomics Era

very different from each other in terms of chemical proper-
ties, so their behavior and yields differ in terms of chroma-
tographic separation and ionization in the mass spectrometer
source. Certainly, the lack of a labeling step would be highly
advantageous in that exogenous modifications of biological
samples would no longer be required. Moreover, the door
would be opened to the quantitative analysis of proteins ex-
tracted directly from animal fluids and tissues, rather than
from cell culture models. Although isotopically-labeled tags
have been successfully linked to proteins extracted from tis-
sues (see above), the effective yields of these reactions are
almost never quantitative in complex protein mixtures. On
the other hand, it has been recently shown by independent
works that comparison of the ion intensities (XIC, eXtracted
lon Chromatogram) for the same peptide in different LC/MS
analyses was a reliable means of comparison [226,244-246],
addressing concerns about the nonlinearity of absolute quan-
tification due to suppression effects in the ion source. An in-
teresting work demonstrated that absolute quantification
could be the method of choice given sufficiently careful
sample preparation [246]. Spectra intensity normalization
was performed based on molecules of constant concentration
among different samples by means of the MassView soft-
ware. In another study, by spiking the human serum with dif-
ferent concentration of horse myoglobin, a good linear corre-
lation of peak areas with myoglobin concentration was ob-
tained [244]. Here, correlation was improved by normalizing
the peak areas with a correction factor representative of ex-
perimental variability.

In an alternative approach to absolute quantitation the
number of identified peptides per protein was shown to be
roughly proportional to the protein concentration within the
sample [247]. In a previous work, the authors introduced the
protein abundance index (PAI), based on the number of iden-
tified peptides per protein normalized by the theoretical
number of observable peptides. The normalization removed
the bias of this method towards larger proteins [248] and the
PAI metric was further refined by expressing it relative to
the logarithm of the protein concentration.

A common drawback reported by researchers dealing
with complex protein mixtures is that MS analyses of repli-
cates from the same sample are not as reproducible as ex-
pected, neither qualitatively nor quantitatively. This is, of
course, the major limitation of absolute quantification. Nev-
ertheless, thanks to improvements in the instrument technol-
ogy, promising results are being achieved in this regard. In-
terestingly, it was shown that in 9 LC-MS/MS replicate runs
of a yeast extract sample, most proteins were identified ei-
ther in one or in all of the runs [245]. A statistical model was
developed to predict how many runs would in theory be nec-
essary to identify all the peptides contained in a complex
mixture, in other words, to reach saturation. Indeed, it must
not be forgotten that there is always a sampling bias toward
abundant ions, which repeatedly trigger data dependent ac-
quisition.

Statistics plays a key role in the evaluation of significant
differences among biological samples, especially in the field
of biomarker discovery. The importance of statistical analy-
sis becomes clear if we consider that intrinsic biological
variability and some degree of randomness in the mass spec-
trometry detection might produce misleading results. It is
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therefore of primary importance that both qualitative and
quantitative measurements are evaluated in replicates. The
need for reporting mass spectrometry data with measures of
confidence and description of methods for error estimation
(also in quantitative studies) has also been widely agreed at
the last HUPO annual world congress (Munich, 2005) [175].
Recently, a statistics-based comparative study of human
plasma spiked with low concentrations of marker proteins
was undertaken by combining peptide identification scores
(PMSS, peptide match score summation [249]) with the local
pooled error test [250,251]. Based on PMSS, marker proteins
were detected with 90% confidence with only two or three
replicates. This same analysis performed similarly well when
using the spectrum counts as quantitative indicator [245].
Indeed, several semi-quantitative indicators of protein abun-
dance were implemented in the data processing program (not
provided). In another study, LC peak overlap (i.e. reproduci-
bility of retention times through LC runs) was shown to in-
crease considerably with the increasing number of analyses
[252], reinforcing the concept that replicates improve data
consistency. A platform integrating several modules and per-
forming peak detection, peak alignment and peptide quanti-
tation was evaluated for biomarker screening in the blood.
The intensities of 400 peaks from two LC-MS replicates
were aligned in a (logyg) scatter plot to demonstrate a good
correlation (R? 0.84).

CONCLUSION

In conclusion, we have tried to give the readers a feeling
for the plethora of tools available to proteomics researchers
for the interpretation of mass spectra. The applications range
from the biomarker detection, de novo sequencing of pro-
teins to identification of post-translational processes, protein
interactions and quantification of expressed proteins. It
should now be clear that it is necessary to integrate several
informatic tools in order to rationalize mass spectrometry
data. Indeed, while tremendous efforts have been expended
to improve current instrumentation and spectral analysis
tools, the informatic tools still lag far behind the ability to
acquire high quality data. We believe that with the prolifera-
tion of so many methods for spectra analysis, rigorous scru-
tiny is required to evaluate any real contributions to current
state-of-the-art, a task ideally suited to HUPQO's PSI. While
Mascot and SEQUEST are the current workhorses, open-
source engines such as the GPM/X!TANDEM seem likely to
dominate in the future as their open-source nature will allow
interested parties to incorporate new analysis tools and
through natural selection will allow the tools to evolve to
their full potential. Within three years we expect that this
will translate practically into researchers being able to assign
two thirds of high quality spectra to peptides or modifica-
tions, rather than the maximum one quarter to one third that
can currently be utilized. We also believe that a tighter inte-
gration of different strategies, contributed from current de
novo, SPC and PST methods, could strongly enhance this
process (e.g., Popitam in section 4.3). This integration is
most likely to be driven by open source platforms, perhaps
leading to the proliferation of meta-servers that will be able
to collect and integrate the results of different algorithms
with the aim of creating a consensus (e.g, SCAFFOLD in
section 4.1.2). This approach will certainly make PTM de-
tection, biomarker discovery and protein quantification more
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feasible than ever and accurate mass measurements, com-
bined with high quality fragment mass spectra will provide a
veritable mine of reliable data that could act as a spectral li-
brary for all new mass spectrometry peptide sequence identi-
fications.
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