
The increasing availability of fully or partially

sequenced genomes for a variety of organisms has lead us

to a new era of biological research aimed towards the sys�

tems�level understanding of biological processes. This

new approach in biology, termed systems biology, has as

its goal an eventual understanding of the information flow

from genes to biological function, with explicit treatment

of an organism’s response to perturbations at the molec�

ular level [1]. Systems biology attempts to integrate data

from diverse high�throughput and bioinformatics tech�

nologies, such as genome sequencing, DNA microarray

and SAGE (Serial Analysis of Gene Expression)�based

approaches for mRNA profiling, SNP (Single Nucleotide

Polymorphism) genotyping, high�throughput RNAi

screens and gene�knockdown, yeast two�hybrid system,

chromatin immunoprecipitation, text mining of biologi�

cal literature, and LC�MS/MS�based proteomics to con�

struct explicit mathematical models of a cell’s regulatory

and metabolic mechanisms (Fig. 1). One potential prom�

ise of systems biology is to create a blueprint in which

more conventional one gene/protein investigations can

be carried separately and later integrated into the whole

model along with high�throughput biological data.

Ultimately, this ambitious undertaking will rely heavily

on our capability to examine in a massively parallel fash�

ion the identity, concentration, function, and interaction

of a wide variety of biological macromolecules [2]. 

High�throughput DNA sequencing techniques have

already enabled us access to fully characterized genomes

of many organisms. These genome data, stored in large

databases containing the nucleotide sequence code and

gene annotations, provide us with basic foundations for

studying biological systems. A lot of useful information

about particular species can be inferred just from explor�

ing its genome, which is especially true for prokaryotic

genomes [3]. But sequence information alone is insuffi�

cient for understanding the biology of a given organism.

Data on mRNA expression, protein interaction, protein

localization, and dynamics of signaling pathways is need�

ed before we can appreciate the computational complexi�
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ty of living cells. The power of high�throughput approach�

es in functional genomics is exemplified by DNA

microarray technologies. They have been successfully

used for elucidation of a cell’s transcriptional response to

various perturbations [4], identification of signature genes

in different cancer subtypes [5], and metabolic profiling

[6]. However, because proteins are the predominant func�

tional macromolecules, the identity of potentially

expressed proteins at a given time defines the functional

state of the cell. Since significant molecular control is

exercised at the level of translation initiation, post�trans�

lational modifications, and mRNA turnover, the investi�

gation of proteome dynamics is a vital requirement for

understanding of the cell’s regulatory mechanism.

One of the most promising approaches for measuring

proteome dynamics, quantitative proteomics, relies on

the use of stable isotope labeling techniques for relative

quantification of protein abundance. In this article, we

will review the major technologies for mass spectrometry

based quantitative proteomics and its contributions to the

field of systems biology. Several excellent and compre�

hensive reviews concerning proteome analysis, interpre�

tations of tandem mass spectra, and applications of mass

spectrometry based proteomics have already been written

[7�11]. Our objective here is not a comprehensive survey

of tandem mass spectrometry applications in proteomics,

but instead a review of the current state of research in the

rapidly growing field of quantitative proteomics. We first

describe the most popular techniques and recent develop�

ments for relative quantitative proteome analysis by iso�

tope labeling and mass spectrometry, where we will also

consider their relative merits and pitfalls. We then discuss

principles of quantitative proteomics data analysis and its

role in proteome bioinformatics research. The most wide�

ly used programs for tandem mass spectra database

searches and protein quantification will be described

along with relevant details of their performance. Finally,

current application of quantitative proteomics for analy�

sis of protein abundance, finding novel protein interac�

tions in macromolecular complexes, investigation of

dynamic changes in organelles’ protein composition, and

temporal dynamics in the signal transduction cascades

will be described.

STABLE ISOTOPE LABELING TECHNIQUES

IN QUANTITATIVE PROTEOMICS

Tandem mass spectrometry based methods for quan�

titative proteomics are fundamentally different from the

Fig. 1. Principles of systems biology model building. A model is built from analyzing and comparing large�scale data obtained by genomic,

proteomic, and bioinformatic methods. Usually a model has several levels of complexity, incorporating information on distinct motifs, sub�

networks, and networks of protein interactions, signaling pathways, and transcription regulation. An additional level of refinement, not

available in large�scale datasets, comes from data on individual proteins/genes obtained by conventional biochemical and genetic investi�

gation. However, a model is not encumbered with unnecessary details and only incorporates information that is necessary to produce cor�

rect and relevant predictions.

Testing of the predicting capability of the

model, repetition of the tuning/correc�

tion cycles using new data until good pre�

diction is achieved

Use of data of genomics, transcriptomics,

proteomics, bioinformatics, and other

high�technology methods for making sys�

tems biology model

Adding new data from high�tech�

nology methods for tuning and

correcting the model

Use of traditional biochemical, genetic,

molecular�biological, and cell methods to

obtain additional information
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more conventional methods of two�dimensional elec�

trophoresis (2DE) and matrix�assisted laser desorption

ionization mass spectrometry (MALDI�MS). The later

rely upon the rather irreproducible nature of 2DE separa�

tion followed by identification and quantification of pro�

tein spots using silver staining or fluorescent dyes and

MALDI�MS. Unfortunately, the large range of protein

expression levels limits the ability of the 2DE�MS

approach to analyze proteins of medium to low abun�

dance, and thus the potential of this technique for pro�

teome analysis is likewise limited [12].

Tandem mass spectrometry based quantitative pro�

teomics (quantitative proteomics) offers an alternative

approach to comparing protein abundances in different

states with much broader application potential. The

method is based on a simple approach of relative protein

quantification, which is similar in statistical design to

cDNA microarray protocols utilizing competitive mRNA

hybridization. Both methods perform quantification

indirectly by computing ratios of abundances in different

states (this similarity in data representation allows com�

parison of data generated by two technologies [13]). In

quantitative proteomics, proteins from various mixtures

can be distinguished in the MS spectrum by means of sta�

ble�isotope tags—chemical groups or natural amino

acids, which are encoded in two states: one labeled with a

stable isotope and another that is not. Stable isotope

labeling does not change physical or chemical properties

of proteins/peptides apart from conferring distinct mass

difference (m/z) in their MS spectrum. Typically, pep�

tides labeled with stable isotope show 6�10 dalton shifts

from natural unlabeled ones but co�elute on a chromato�

graphic column. Most quantitative proteomics methods

that use stable isotopes include the following four steps: 1)

differential isotopic labeling of two or more separate pro�

tein mixtures; 2) digestion of the combined labeled pro�

tein mixtures followed by separation of the resulting pep�

tides by liquid chromatography; 3) analysis of the sepa�

rated peptides by automated tandem mass spectrometry;

and 4) automated database searching to identify the pep�

tide sequences (and hence the proteins from which they

were derived) followed by computation of relative protein

abundances from the MS data. Thus, tandem mass spec�

tra are used to determine the identity of peptides and

mass spectra are used for relative protein quantification

(c.f. iTRAQTM reagent from Applied Biosystems (USA)

uses a different strategy discussed below). In the next sec�

tion, we will consider these steps in more detail, concen�

trating on various methodologies and protocols and

exploring their strengths and weaknesses.

Two major variants of stable isotope labeling have

been reported: metabolic and chemical labeling. In meta�

bolic labeling, cells usually incorporate stable isotope

through growth on isotope�enriched media. In chemical

labeling isotopes are incorporated by attachment of vari�

ous chemical groups after cell lysis and protein purifica�

tion. These methods can also be considered as in vivo ver�

sus in vitro labeling. As proteins are combined at the ear�

liest possible step of cell culture, in vivo labeling is char�

acterized by smaller experimental error [14].

It should be noted that quantitative proteomics via

stable isotope labeling is not the only mean of comparing

protein abundances. Several other approaches are cur�

rently undergoing technological development and should

be soon available for use. Among them, we should men�

tion (i) the method of measuring the number of times a

given peptide appears on the MS/MS spectrum and (ii)

the relative quantification based on the ratios of areas

under ion current chromatograms for a single peptide in

two different LC�MS runs [15, 16]. The salient feature of

these approaches is that they require high reproducibility

between different chromatographic runs, and therefore

their applicability is limited to the comparison of similar

samples.

Metabolic stable�isotope labeling. The first approach

developed for in vivo stable isotope labeling utilized

media containing 15N. In this procedure, yeast cultures

are grown in two separate media, one containing 15N.

Cells are then pooled together, proteins extracted, sepa�

rated by gel�electrophoreses, digested to peptides, and

quantified on MS [17]. Modified versions of this method

also exist, which directly connects microscale two�

dimensional chromatography to tandem mass spectro�

metry (termed MudPit). This latter approach was suc�

cessfully used for quantification of yeast proteins [18].

Cells grown in media enriched in 15N were used as an

internal standard for all quantitative measurements.

These internal standards were mixed with cells from dif�

ferent conditions early during the sample preparation so

that any protein loss during cell lysis, digestion, and

measurement were accounted for by their respective 15N�

labeled protein. Since this method uses an internal stan�

dard, comparison of protein abundances in different

samples is achieved by estimating ratios of ratios [19].

Unfortu�nately, methods which use bare stable isotopes

have several drawbacks. First, these methods, while

applicable to bacteria and yeasts, do not perform well on

mammalian cell cultures, which poorly incorporate sta�

ble isotope. Although some investigators have reported

alternative procedures for incorporation of stable iso�

topes into higher eukaryotes, for instance by feeding

them with metabolically labeled yeast, these methods still

lend themselves poorly to standardization [20]. Second,

different proteins incorporate unequal amount of stable

isotopes equivalent to the number of nitrogen atoms they

posses. The direct consequence of this is that labeled and

unlabeled peptides have a variable mass shift in the MS

spectra, which complicates automatic comparison of

peptide abundance.

The second methods of in vivo labeling, SILAC, take

into account shortcomings of 15N labeling [21, 22].

SILAC (Fig. 2a) relies on the incorporation of amino
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acids with substituted stable isotopic nuclei. In this

approach, two groups of cells are grown in culture media

that are identical except that the first contains the “light”

and the other the “heavy” form of a particular amino acid

(for example, L�leucine or deuterated L�leucine). By

selecting for labeling of essential amino acids, cells are

forced to use them and consequently 100% efficiency in

label incorporation can be achieved. An additional

advantage of using amino acids is that they can be labeled

by several different stable isotopes, for instance, 13C and
15N. This allows three cell cultures to be processed in par�

allel (one encoded with 13C�labeled amino acid, one with
13C and 15N, and an unlabeled one), thus increasing the

number of conditions that can be compared in one exper�

iment. One serious limitation of SILAC is that the

method cannot be used to estimate protein abundance

ratios for tissue samples, for example in identification of

protein markers in cancer tissues [23].

An alternative approach based on the use of the cul�

ture derived isotope tags (CDITs) for quantitative tissue

proteomics has recently been proposed to overcome the

limitation of SILAC [24]. In this method, stable isotope�

labeled cultured cells are used as global internal standards

(Fig. 2b). Tissue samples to be compared are mixed with

cultured cells early in the process to control for variations

during sample preparation. After protein extraction and

separation, digested proteins are analyzed by mass spec�

trometry to identify and quantify peptides. The ratio

between the two isotopic distributions (one from a tissue

sample and one from isotope�labeled cells) can then be

determined from the MS spectra. Changes in protein

level in two tissue samples are estimated by calculating the

ratio of two ratios, canceling in this way systematic errors

of internal standard intensities (two or three different

amounts of labeled cultured cells can be added into tissue

samples to increase the number of quantified proteins).

Ishihama et al. [24] showed that cells in cell culture

express more than 97% of proteins found in tissues (using

mouse brain and Neuro2A cell culture as an example),

and the ratio of a target peptide, which does not have a

corresponding labeled peak in cultured cells, can be

obtained by using the peak ratio against an isotope�

Fig. 2. Schematic representations of quantitative proteomics methods: SILAC (stable isotope labeling with amino acids in cell culture) (a),

CDIT (culture derived isotope tag) (b), and ICAT (isotope�coded affinity tag) (c). The difference between methods resides in the point

where stable isotope label is introduced, the nature of stable isotope tag, specific purifications steps necessitated by the tag, and algorithms

for calculation of relative peptide abundance.

a b c

LC�MS/MS, peptide identification

(left), and relative quantitative protein

determination in each pool (right)
Comparison of relative quantitative pro�

tein determination, ratio estimation

LC�MS/MS, peptide identification

(left), and relative quantitative

protein determination (right)

Extraction and separation

of proteins in one pool,

cleavage to peptides

Combining and lysis

of cell cultures

SILAC method

Working with two cell cultures, one of

which is labeled with stable isotope

CDIT method

Working with isotope�labeled cell

culture and two tissue samples

Mixing of isotope�labeled cell culture

with each tissue sample

Extraction, separation, and cleavage

of proteins in different pools

LC�MS/MS, peptide identification,

and relative quantitative protein

determination in each pool
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Working with two tissue samples

Extraction and separation of proteins

in different pools
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labeled peptide of different sequence, but with the closest

retention time in LC/MS.

Chemical methods of stable isotope incorporation. In

vitro labeling methods involve incorporation of the stable

isotopic tags onto selective sites on peptides via in vitro

chemical reactions. Three variants of in vitro labeling

methods exist: those that isotopically label target peptides

at (i) amino� or (ii) carboxyl�terminal and those (iii) that

label specific amino acid residues, such as cysteine,

lysine, tyrosine, etc.

The earliest chemical methods for stable isotope

incorporation (ICAT) was based on the use of cysteine�

specific, isotopically labeled biotin affinity tags (contain�

ing eight deuterium atoms) covalently linked to proteins

in paired proteome samples [25]. Here, the tagged protein

pools were combined and digested to peptides (Fig. 2c).

Biotinylated peptides (containing cysteine) were then

isolated from the complex peptide mixture by avidin

affinity chromatography and subsequently analyzed by

LC�MS/MS. As with other isotope labeling techniques,

protein abundance ratios were calculated from relative

peak intensities of light and heavy versions of labeled pep�

tides. The early version of ICAT had two potential disad�

vantages. First, the biotin affinity tag remained linked to

the peptides throughout the analysis, leading to large

shifts in MS and changes in MS/MS spectra relative to

unlabeled peptides. Further, ICAT reagent exhibits rela�

tively large differences in chromatographic elution times

between the deuterated and nondeuterated label versions.

These deficiencies have been corrected through develop�

ment of a new cleavable�ICAT reagent, which uses mod�

ified cleavable biotin affinity tags labeled with C13.

Unfortunately, cleavable�ICAT introduces an additional

purification step, making the whole process irrepro�

ducible and time consuming. A significant improvement

to the ICAT strategy, which reduces the effect of the mul�

tiple purification steps, is the incorporation of solid�

phase capture in the isotope tagging approach [26]. In

this method, labeled leucine covalently linked to a solid�

phase support via a photocleavable linker is used to isolate

and label cysteinyl peptides in global proteome samples.

After combining beads from paired samples, the bound

peptides are released by photolysis and analyzed by LC�

MS/MS. Unlike the original ICAT approach, the only

chemical modification that remains on peptides at the

time of LC�MS/MS analysis is an isotopically labeled (or

unlabeled) leucine residue. Apparent advantages of the

method are enhanced sensitivity, reduced sample han�

dling, and facilitation of extensive sample washing proto�

cols prior to peptide elution [26].

In addition to cysteine labeling by the ICAT reagent,

other amino acids have also been reported for enrich�

ment. Kuyama et al. described an approach for enriching

tryptophan�containing peptides by modifying the trypto�

phan residues with isotopic 12C/13C 2�nitrobenzene�

sulfenyl chloride (NBSCl) [27]. Similarly, isotopically

labeled phosphotyrosine�containing peptides were used

as isotopic tags after enrichment through an anti�phos�

photyrosine antibody�based purification procedure [28].

Another effort to target specific amino acid�containing

peptides, reported by Cagney et al., incorporated labeled

lysine�containing peptides by a method termed mass�

coded abundance tagging (MCAT) [29]. The MCAT pro�

cedure specifically labels the ε�amino group of lysine by

guanidinylation using O�methylisourea. The labeled

sample is then compared with the non�labeled sample to

determine relative quantities. This is not a strict stable

isotope labeling approach, since the internal standard

(unlabeled peptide) is chemically different from the

labeled sample by more than just isotopic atoms, and the

physicochemical difference between the labeled and

unlabeled peptides may reduce the accuracy of the quan�

tification.

The ICAT method selectively purifies the cysteine�

containing peptides and thus dramatically reduces sample

complexity, allowing detection and quantification of non�

abundant proteins. In the human proteome, about 26.6%

of the total tryptic peptides contain at least one cysteine

residue and they cover 96.1% of the human proteome

[30]. Therefore, application of cysteine�based enrich�

ment theoretically reduces sample complexity by at least

fourfold while missing fewer than 4% of the proteins. To

obtain complete protein coverage, ideal targets for intro�

ducing an isotopic tag are the N� or C�termini of pep�

tides. N�Terminal isotope�encoded tagging (NIT) specif�

ically incorporates stable isotopes at the N�termini of

peptides by firstly converting the lysine residue to

homoarginine using O�methylisourea [31]. An alternative

approach introduces stable isotopes specifically to the C�

termini of peptides via biochemical reactions using

enzymes such as trypsin. During trypsin proteolysis, 16O

or 18O isotopes can be incorporated into the C�termini of

peptides in the presence of 16O� or 18O�containing water.

The relative quantity of proteins is determined by the

ratio of ion intensities of 16O� or 18O�labeled peptides

measured by MS [32]. A pitfall of this method is that the

possible loss or incomplete incorporation of the isotopic

labels due to the use of enzyme complicates the quantifi�

cation. While N�terminal or C�terminal peptide labeling

approaches are expected to have complete protein cover�

age, it remains a challenge to apply them to global pro�

teome�wide quantitative profiling due to the high sample

complexity.

A completely different approach to protein quantifi�

cation is taken by the iTRAQ (isobaric tags for relative

and absolute quantification) reagents developed by

Applied Biosystems (USA), where protein abundance

ratios are calculated from MS/MS spectrum [33]. These

reagents target N�termini and the lysine residues of pro�

teins and allow quantification of the relative protein

expression in up to four different experimental condi�

tions. Each reagent contains three groups: reporter, bal�
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ance, and reactive groups. The reporter groups of the four

iTRAQ reagents have molecular weights of 114, 115, 116,

and 117 daltons depending on differential isotopic com�

binations of 12C/13C and 16O/18O in each individual

reagent. The balance group ranges in mass from 28 to 31

daltons to ensure the combined mass of the reporter and

balance groups remains constant (145 daltons) for all four

reagents. Therefore, peptides labeled with different iso�

topes are isobaric and are chromatographically indistin�

guishable, a factor that is important for accurate quantifi�

cation. During collision�induced dissociation, the

reporter group ions fragment from the backbone peptides,

displaying distinct masses of 114 to 117 daltons. The

intensity of each of these peaks represents the quantity of

small reporter group fragment and is proportional to the

amount of peptide in the sample. Other peaks in the

MS/MS spectrum are used to identify peptide sequences.

The idea of the iTRAQ protocol is quite simple—the

quantity of each peptide in each sample is the peak inten�

sity of its corresponding reporter fragment in the MS/MS

spectrum. Pro QUANT software for peptide quantifica�

tion with these reagents is available commercially from

Applied Biosystems.

The most significant advantage of this technology is

that it allows labeling of up to four different samples with�

in a single experiment. It is useful for quantifying proteins

from multiplex samples, such as those in a time course

study, replicate measurements of the same sample, or

simultaneous comparison of normal, diseased, or drug�

treated samples.

PROTEOME BIOINFORMATICS

We have considered metabolic and chemical mecha�

nisms of isotope labeling and protein purification rou�

tines. However, bioinformatic analysis incorporates an

important dimension in quantitative proteomics experi�

ment.

Peptide identification by database search. Protein

identification in tandem mass spectrometry is made by

virtue of database search [34]. In LC�MS/MS, gas phase

peptide ions undergo collision�induced dissociation

(CID) with molecules of an inert gas such as helium or

argon. At low�energy CID, fragmentation mainly occurs

along the peptide backbone bonds generating characteris�

tic b�ions and y�ions and neutral losses of water and

ammonia in MS/MS spectra [9]. The fact that fragmen�

tation patterns are strongly dependent on the chemical

and physical properties of the amino acids and sequences

of the peptide allows comparison of MS/MS spectra to

spectra generated from public proteomic and genomic

sequence database [35]. In contrast to peptide sequencing

by database search, de novo sequencing programs try to

interpret the sequence of peptide from MS/MS spectra

alone. We will not consider them in details here, but

rather refer readers to an excellent review [36]. However,

users should be warned that use of de novo sequencing is

only justified when high quality MS/MS spectra are avail�

able and appropriate databases do not contain the

sequences of the proteins of interest (as will be the case

for the organisms with unsequenced genomes or when no

sequenced homolog genome exists).

The goal of a tandem mass spectral database search is

to identify the best sequence match to the spectrum [37].

For MS/MS with high signal�to�noise ratio and uniform

fragmentation it is reasonably straightforward to identify

the correct sequence match. In situations where a tandem

mass spectrum is of poorer quality or when the peptide

ion undergoes unusual fragmentation, MS/MS spectra

analysis may benefit from the use of multiple search algo�

rithms. A number of algorithms and scoring models have

been developed to assess the likelihood of a match. Most

of the algorithms have an identical step where proteins in

the sequence database are artificially cleaved with pro�

teases and an MS/MS spectrum is calculated for each

peptide. Several basic approaches have been developed to

model MS/MS spectra matches to sequences in the data�

bases: descriptive, interpretative, and probability�based,

which will be described in detail below. It should be

noted, however, that algorithms will come up with peptide

identification even for data acquired from non�peptide

ions, peptides from incomplete proteolytic digestion or

from poor�quality MS/MS with low signal levels and sig�

nal�to�noise ratios. To decrease the number of false�pos�

itive identifications, classification methods have been

developed, which sort the good quality spectra from bad

quality spectra. These methods rely on the relative nor�

malized intensity of the peaks in MS/MS spectra and fur�

ther assume that bad quality spectra are not amenable to

correct peptide identification [38]. They should be used

whenever possible to prevent large false�positive error rate

in peptide identifications.

SEQUEST is an example of a program that uses a

descriptive model for peptide fragmentation and correla�

tion matching to a tandem mass spectrum [39]. It uses a

two�tiered scoring scheme to assess the quality of the

match between the spectrum and amino acid sequence

from a database. The first score, preliminary score (Sp), is

an empirically derived value that restricts the number of

sequences analyzed in the correlation analysis. Sp sums

the peak intensity of fragment ions matching the predict�

ed sequence ions and accounts for the continuity of an

ion series and the length of a peptide. The second score,

XCorr, is a correlation score of the experimental to theo�

retical spectra. To calculate XCorr a theoretical spectrum

is generated from the predicted fragment ion. In the the�

oretical spectrum the products of the main ion series are

assigned an abundance index of 50, a window of one

atomic mass unit around the main fragment ions is

assigned an index of 25, and water and ammonia losses

are assigned intensity of 10. Then theoretical and normal�
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ized experimental spectra are cross�correlated to obtain

similarities between the spectra (normalization takes into

account the fact that larger peptides produce higher cor�

relation scores). Consequently, users can identify the

best�matched peptide by comparing XCorr scores for dif�

ferent peptide assignments.

Interpretative approaches in tandem mass spectral

database search are based on manual or automated inter�

pretation of a partial peptide sequence from a tandem

mass spectrum and incorporation of that sequence into a

database search. As with the above SEQUEST example,

matches between the sequence and the spectrum are

scored using probabilities or correlation methods. Peptide

Search is the earliest and most widely used program in

this category [40], which makes use of the fact that frag�

mentation spectra usually contain at least a small series of

easily interpretable sequences. This series constitute an

amino acid tag. The lowest mass in the series contains

information about the mass unit distance to one of the

peptide termini, the highest mass – about mass unit dis�

tance to the other peptide terminus. Thus, the spectra can

be decomposed into three parts—the amino terminal

mass, stretch of amino acid sequence, and carboxyl ter�

minal mass. The whole construct can then be matched

against sequences in the database, using additional infor�

mation, if desired, such as identity of the proteolytic

enzyme that was used.

In probability based methods no a priori determined

probabilities are used. These methods generate a model

that relates sequences to a spectrum and estimates a pep�

tide identification score from the model. Thus, in the

simplest models match frequencies of b� and y�ions are

determined and used to calculate probability of correct

peptide sequence identification by multiplying probabili�

ties of individual fragment matches. Mascot is the most

widely used database search program employing proba�

bilistic approaches [41]. However, due to its commercial

nature its algorithm has not been published.

Analysis of tandem mass spectral database search
results. As with many other database search applications,

the main challenge in MS/MS database search is not

finding the best match in the database, but rather deter�

mining whether the best match was assigned correctly.

Obviously, a human expert by observing a particular

MS/MS spectrum can easily verify the correctness of

peptide assignment. Unfortunately, in large�scale quanti�

tative proteomics projects, it is becoming impossible to

confirm correctness of each peptide assignment; there�

fore, high significance is placed on the use of appropriate

scoring schemes for database searches [42]. In the sim�

plest method, separation of correct from incorrect pep�

tide assignments is achieved by applying ad hoc filtering

criteria based upon database search scores and some

properties of the assigned peptides. For example, using

cut�off threshold values for SEQUEST such as “XCorr”

score it is possible to short�list the best peptide assign�

ments. With few exceptions [43], false identification error

rates obtained from the application of filtering criteria are

not estimated and reported, which makes comparison of

results from different experiments or groups an extremely

difficult task. Consistent and reliable interpretation of

MS/MS data to enable the comparison of results from

different experimental groups requires robust statistical

methods to validate peptide assignments to MS/MS spec�

tra. It should be noted that advantages of robust statistical

approaches have been already realized in other high�

throughput fields. For example, statistical base�calling

models have been developed for the estimation of errors

in raw DNA sequences obtained using large�scale DNA

sequencing [44].

Several supervised classification methods for post�

database search validation of MS/MS spectra to peptide

assignments have recently been developed, with underly�

ing statistical methods based on linear discriminant

analysis [45] and support vector machines [46]. Here the

supervised approach implies that a program has been

trained on manually validated peptide sets to distinguish

between correct and incorrect peptide assignments. The

algorithm finds features that are most dissimilar in correct

versus incorrect peptides and then uses them to build a

classifier for use on new samples. We should mention that

fully supervised classification algorithms might not pro�

duce accurate results when applied to datasets that are

significantly different from those used for training and

will depend on the quality of acquired MS/MS spectra,

complexity of the analyzed samples, and differences in

the experimental protocols used to generate distinct

datasets. Thus, training datasets should be used to find

features that discriminate between correct and incorrect

peptide assignments from the data itself, but additional

approaches should be used to derive numerical character�

istics of each classifier [47].

One statistical model developed to overcome limita�

tions of supervised learning is implemented in the soft�

ware tool PeptideProphet [45]. It is based on the expecta�

tion maximization (EM) algorithm by which it derives a

probabilistic mixture model of correct and incorrect pep�

tide assignments from the data. It executes in two succes�

sive steps. First, it uses the observed information about

each assigned peptide in the dataset and learns to distin�

guish correct from incorrect peptide assignments; sec�

ond, it computes a probability for each assignment being

correct. Therefore, it does not rely on a training set and in

this way represents a fully unsupervised approach of

machine learning. Features used to discriminate between

incorrect and correct peptide assignments in

PeptideProphet include database search scores, differ�

ence between measured and theoretical peptide mass, the

number of termini consistent with the type of enzyme

used, and the number of missed cleavage sites. If the data�

base search tool outputs more than a single score useful

for distinguishing correct from incorrect peptide assign�
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ments, all such scores are combined into a single discrim�

inant score in such a way that correct and incorrect pep�

tide assignments are optimally discriminated. To con�

clude, the use of probability scores in PeptideProphet

allows estimation of both the total number of correct

identifications and the false�positive error rates, making

this program very useful for large�scale quantitative pro�

teomics experiments. Another type of software used for

validation of MS/MS database search results deals with

the issue of peptides to proteins assignment. A typical

output of database search programs includes assignment

of MS/MS spectra to a list of identified peptides. The

ultimate goal of LC�MS/MS experiment is identification

of proteins in the mixture from the list of identified pep�

tides. However, assembling peptides into proteins is not

straightforward. This challenge is analogous to shotgun

fragment assembly of genomic sequences where overlap�

ping DNA segments must be ordered to recreate the orig�

inal sequence, which is complicated by the presence of

repeats and gaps between individual fragments. Similarly,

the presence of degenerate peptides whose sequence is

present in more than one entry in the protein sequence

database makes it difficult to determine the correspon�

ding proteins present in the sample [46]. Such cases often

result from the presence of homologous proteins, splicing

variants, or redundant entries in the protein sequence

databases, and are particularly abundant in large databas�

es for higher eukaryotes. Some search programs, like

MASCOT, can automatically group peptides according to

their corresponding protein entries. However, if multiple

datasets of MS/MS spectra are acquired and processed at

different times, which is often the case in large�scale pro�

teomics experiments, the peptide�protein assignment will

not be possible.

ProteinProphet addresses this issue by providing

probability that a protein is present in the sample through

combination of probabilities that corresponding peptide

assignments are correct [48]. Peptides corresponding to

single�hit proteins are penalized, whereas those corre�

sponding to multi�hit proteins are rewarded. The amount

of adjustment depends on the sample complexity and the

number of acquired MS/MS spectra, and it is learned

from the data using the expectation maximization algo�

rithm. The model handles degenerate peptides by sharing

each such peptide among all its corresponding proteins to

derive a minimal protein list sufficient to account for the

identified peptides. Those proteins that are impossible to

differentiate on the basis of identified peptides are

grouped together. By these means, ProteinProphet pro�

duces accurate probabilities of the presence of a protein

and can discriminate between correct and incorrect pro�

tein identifications including identifications based on a

single peptide.

Calculation of relative protein abundance ratios.
There are fewer software programs for relative quantifica�

tion of proteins with stable isotope labeling than for

MS/MS spectra interpretation. This is explained by the

later advent of stable isotope labeling techniques and their

more specialized nature compared to the ubiquitous

applications of tandem mass spectrometry. Among open�

source programs for protein quantification, the most

widely used are ASAPRatio [49] and MSQuant [50] (Pro

ICAT software is available from Applied Biosystems for

the cleavable ICAT reagent). The RelEx program has also

been developed for data generated by shotgun proteomics

that uses N15 labeling [19]. In this review, we will consid�

er the algorithm of ASAPRatio as an example of compu�

tational approaches used for protein abundance estima�

tions. We should note that other quantitative proteomics

programs use the same principle whereby relative ratio of

peptide abundance is computed from ion current chro�

matogram (c.f. iTRAQ). In a nutshell, the programs

approximate the area under MS spectra for a single pep�

tide at different elution time points and compare the area

of labeled and unlabeled peptides to compute peptide

ratio. ASAPRatio does these computations in four steps.

Step 1. Evaluation of a peptide abundance ratio for

each peptide identified by MS/MS and database search�

ing.

Step 2. Evaluation of a “unique peptide ratio” for

each identified peptide sequence.

Step 3. Evaluation of protein abundance ratio for

each identified protein.

Step 4. Evaluation of the significance of abundance

change for each identified protein.

In step 1, the Savitzky–Golay filtering method is

used to obtain the smoothed chromatogram (for area esti�

mation) and the average signal outside the elution peak is

used for estimating the background level. In cases where

the signal from one of the peptide pairs is missing, the

ratio is assumed to be 1 : 0 or 0 : 1. Often, the same pep�

tide is observed on MS/MS spectra in different charge

states, and ASAPRatio accounts for this by determining

locations of all possible charge states, and if signal is pres�

ent, estimating their (weighted by area) averages. In the

second step, ASAPRatio computes “unique peptide

ratio”, where it assigns single ratios for identical peptides

eluted from the mass spectrometer in different chromato�

graphic fractions. In the third and fourth steps, the pro�

tein abundance ratio is computed from unique peptide

ratios and distribution of log�transformed ratios is fitted

to normal distribution to calculate statistical significance

for each protein identified. Thus, ASAPRatio calculates

ratios at protein level and also provides p�values for esti�

mation for statistical significance. The latter feature is

especially relevant for large�scale quantitative proteomics

project, since it obviates manual verification of insignifi�

cant ratios (PeptideProphet, ProteinProphet, and

ASAPRatio discussed previously are parts of “Protein

Identification Pipeline” developed at the Institute of

Systems Biology (Seattle, USA), which offers integrative

analysis of tandem mass spectrometry experiments and
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can be downloaded from the institute’s website http://

www.proteomecenter.org/software.php).

In our final section on quantitative proteome bioin�

formatics we will briefly consider the issue of data stan�

dards for proteomics experiments (including quantita�

tive). As exemplified by the MIAME (minimal informa�

tion about microarray experiment) initiative [51], devel�

opment of data standards is essential to facilitate exchange

of data generated by different mass spectrometers.

Furthermore, such standards would encourage data sub�

mission to online bioinformatics databases and would

make information from tandem mass spectrometry exper�

iments available to a wide community of researchers.

Although several initiatives were already described [52,

53], there is still no unified framework available for repre�

sentation of mass spectrometry data. Currently, the most

successful endeavor in this area is the mzXML format for

vendor�neutral representation of MS data [54]. In

mzXML, XML schema and libraries of converters are

used to represent MS data from specific tandem mass

spectrometers in vendor�neutral style. The mzXML for�

mat can represent raw or processed data, offering

researchers not directly working in the proteomics field a

way to access all the information required for develop�

ment of data manipulation or data mining algorithms

(e.g., noise reduction, peak detection, charge state decon�

volution). This creates new opportunities for statisticians

and computer scientists. These features of the mzXML

format are expected to drive progress and standardization

in MS�based proteomics.

QUANTITATIVE PROTEOMICS APPLICATIONS

IN SYSTEMS BIOLOGY

Methods of tandem mass spectrometry�based quan�

titative proteomics have been successfully used for ana�

lyzing large�scale changes in protein abundance [55],

finding novel protein–protein [56] and protein–peptide

interactions [50], studying dynamics of large macromole�

cular complex formation [57, 58], and elucidating

dynamic changes in the protein composition of organelles

[59] and phosphorylation in signal transduction cascades

[60]. All these approaches pose great promise for systems

biology and therefore merit discussion here.

Analyzing changes in protein abundance. Quantitative

proteomics for studying changes in protein abundance is

akin to DNA microarray technologies and has been used

by many researchers employing different isotope labeling

techniques and methods of protein separation. The meth�

ods of quantitative proteomics go one step further in ana�

lyzing regulation of gene expression and take into account

variations produced at the post�transcriptional level, such

as mRNA degradation and variability in translation initi�

ation. Low correlation between DNA microarray and

proteomics data has been reported [61], which can have

various explanations. First, it should be noted that appli�

cation of more “biologically accountable” statistical

methods rather than the use of simple correlation coeffi�

cients can discover novel congruity between mRNA and

protein levels [62]. Second, the lack of correlation arises

from the fact that the synthesis of individual protein

species is regulated, not only by transcript level, but by cis

regulatory elements of mRNA molecules that generate

individual translation patterns. Therefore, accounting for

the differences between mRNA and protein levels has in

itself important implications for large�scale analyses of

cellular regulatory mechanisms. A newer study

approached this problem by using polysome fractionation

prior to transcript analysis [63]. They created an expres�

sion profile for each mRNA molecule as a function of its

ribosome loading. Of 816 genes whose protein expression

was altered by at least 2�fold, 24% showed 2�fold change

in translational efficiency. Regularly, transcript array

analysis would have ignored those genes that were regu�

lated solely at the translational level and would have erred

quantitatively with those transcripts that showed mixed

regulation. Furthermore, examples of regulation at the

level of protein and mRNA degradation were found,

which would have been missed if DNA microarray and

ICAT proteomics experiments were done separately.

Translation of the transcriptome is highly diverse both

qualitatively and quantitatively, and it is impossible to

assume a simple, linear relationship between the level of

an mRNA and the rate of synthesis of its encoded protein.

Protein interactions. Another very promising area for

application of stable isotope labeling techniques is identi�

fication of protein interactions [64]. Tandem mass spec�

trometry has an intrinsic advantage over other large�scale

approaches like the yeast two�hybrid system in that inter�

actions are observed in the cell’s native environment and

that the large protein complexes can be scrutinized

(rather than simple binary interactions predominant in

the two�hybrid system). However, since many biological

interactions are of low affinity and dependant on imme�

diate protein environment, a typical MS/MS experiment

can identify only their subset. This can be further com�

pounded by high false�positive error rate as a result of

nonspecific protein co�purification (in one comparative

study of protein interactions identified by various high�

throughput techniques only a small subset was found

common for all techniques [65]). Several approaches can

be used to decrease the number of false�positive interac�

tions. First, protein covalent cross�linking is used to sta�

bilize weak protein binding [66]. In another method,

called protein correlation profiling, the normalized

square deviation between ion current profiles of centrifu�

gation fractions with previously characterized centroso�

mal proteins and novel ones was used to find new putative

centrosomal proteins among a background of nonspecifi�

cally co�purified proteins [67]. This method estimated

relative ion current ratios among different separation
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fractions as an indication of possible protein localization.

It can be used to characterize protein composition for

organelles with well�established purification protocols.

Compared to the approaches described above, the

quantitative proteomics methods resolve problems of

nonspecific binding in a different way by employing the

following three�step strategy. First, the protein, whose

interaction partners are being searched for (bait) is

encoded with stable isotopes and is isolated either by spe�

cific antibody or by prior tagging along with its interact�

ing partners (prey). The discrimination between genuine

and nonspecific binding is achieved at the second stage,

where the same protein is isolated by nonspecific anti�

body or through a mutated/deleted version of the pro�

tein’s gene that is incapable of forming protein complex�

es. The purification and quantification methods in the

third step are similar in all quantitative proteomics

approaches and lead to MS spectra where true interac�

tions have higher protein abundance ratios than nonspe�

cific ones (nonspecific binders have a 1 : 1 ratio for both

isotopic forms). Such protocol has been successfully used

to characterize formation of core polymerase II tran�

scription complex [57] and phosphorylation�dependent

complex formation upon stimulation with epidermal

growth factor (EGF) [56]. In one study ICAT reagent was

used to differentiate between components of polymerase

II complex and nonspecific interactions in cells express�

ing temperature�sensitive mutated gene of TBP (TATA

binding protein) component essential for complex forma�

tion. Proteins were affinity�purified with template con�

taining the TATA box region plus upstream promoters,

and most of the genuine polymerase II complex compo�

nents were identified by analyzing relative peptide abun�

dance ratios. The second study used SILAC reagent to

identify proteins in a complex formed at the EGFR (epi�

dermal growth factor receptor) intracellular domain upon

its stimulation.

One biologically important type of protein interac�

tions is regulated by post�translational modifications, and

quantitative proteomics can provide new approaches for

their identification. In the case of EGF�dependent phos�

phorylation SILAC was used to differentially label pro�

teins in EGF�stimulated versus unstimulated cells.

Combined cell lysates were then affinity�purified over the

SH2 domain of the adapter protein Grb2 (GST�SH2

fusion protein) that specifically binds phosphorylated

EGFR. Many signaling molecules were found to specifi�

cally form complexes with the activated EGFR, as well as

plectin, epiplakin, cytokeratin networks, and histone H3

among other molecules [56].

Proteomics of organelles. Organellar proteomics is

concerned with identification and characterization of

protein composition in individual organelles [68]. Akin to

identification of protein complexes, quantitative pro�

teomics can be employed in organellar proteomics to

study temporal changes in organellar protein composi�

tion. Prior to the advent of stable isotope labeling tech�

niques most of the reported mass spectrometry studies in

this field were descriptive, providing a list of proteins

found in one or another organelle. It should be remem�

bered that proteins perform their functions in cells by

constantly circulating between different organelles and

various compartments within organelles (as well as

organelle�like structures such as centrosome and nucleo�

lus). Therefore, elucidation of dynamic changes in

organellar protein composition can provide a new dimen�

sion for systems biology modeling and can contribute to

our understanding of changes in protein transport trig�

gered by a cell in response to various signals. Application

of quantitative proteomics has been proposed for investi�

gating dynamic changes in protein composition in the

nucleolus. The nucleolus is a key organelle that coordi�

nates the synthesis and assembly of ribosomal subunits

and forms in the nucleus around the repeated ribosomal

gene clusters. Using mass spectrometry�based organellar

proteomics and stable isotope labeling, a flux of 489

endogenous nucleolar proteins in response to three differ�

ent metabolic inhibitors affecting nucleolar morphology

was characterized [69]. The relative levels of all these 489

factors were quantified by SILAC in two large�scale

experiments, measured at five or nine separate time

points after inhibiting transcription with actinomycin D.

The steady�state levels of many nucleolar proteins

decreased to various extents, including ribosomal pro�

teins, RNA processing factors, exosome components,

and RNA polymerase I. Remarkably, the level of some

proteins increased up to tenfold. This result suggests that

the nucleolus is not a simple ribosome synthesis machine

that progressively breaks down in the absence of tran�

scription. Instead, transcription inhibition leads to a

more subtle redistribution of nuclear proteins, and the

partition of proteins between the nucleolus and nucleo�

plasm could therefore reflect the general physiological

status of the cell.

In addition to SILAC, protein correlation profiling

has recently been used to study protein composition and

dynamic changes in protein abundances within and

between organelles [70]. In mouse liver, subcellular loca�

tions of 1502 proteins have been mapped. Ten major clus�

ters were found that corresponded to well�characterized

cellular compartments. Protein correlation profiles vali�

dated genuine organellar components and enabled assess�

ing the specificity of previously published organellar pro�

teomic inventories. About 41% of all organellar proteins

were found in more than one location. The authors [70]

also integrated the proteomic data with atlases of RNA

abundance and genome sequence to identify networks of

co�expressed genes, cis�regulatory motifs, and putative

transcriptional regulators involved in organelle biogene�

sis. This is another example of contributions that quanti�

tative proteomics data can make for systems biology

research.
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Quantitative phosphoproteomics. Protein phospho�

rylation is one of the key mechanisms whereby signals at

the cell membrane are transmitted into the cytoplasm to

trigger immediate protein�mediated and transcriptional

responses. Blagoev et al. described a new quantitative

phosphoproteomics technique that allows comparison of

three protein samples and demonstrated its potential with

a study of the temporal dynamics of EGFR tyrosine

kinase signaling in HeLa cells [60]. Three differentially

labeled cell lysates encoding five time points were mixed,

immunoprecipitated with anti�phosphotyrosine antibod�

ies, and analyzed by LC�MS/MS. Proteins isolated at

each time point were quantified as fold change over the

basal, zero time point. Upon EGFR stimulation, 81 pro�

teins showed a more than 1.5�fold change in their level.

Many of these proteins were already known to be involved

in signal transmission from activated EGFR, but some

newly implicated proteins were also identified. The fact

that most of the proteins known to be involved in EGF

signaling were found bodes well for the usefulness of the

method. The feature of this method is that it does not dis�

tinguish between isolated tyrosine�phosphorylated pro�

teins and proteins associated with tyrosine�phosphorylat�

ed proteins. However, phosphorylation�dependent pro�

tein interactions may be just as important as the phospho�

rylations themselves. It should be remembered that a pro�

tein detected with this technique is not necessarily a

direct substrate of any tyrosine kinase [71]. Nor does the

technique identify sites of phosphorylation, although

simultaneous use of bioinformatics and standard experi�

mental techniques may allow quick identification. The

protocol could also be modified to isolate only phospho�

rylated peptides: the samples could be digested before

immunoprecipitation with anti�phosphotyrosine anti�

bodies that will allow temporal profiling of individual

phosphorylation sites. A similar protocol has been used to

study temporal profiles of tyrosine phosphorylation in

insulin�induced brown adipocytes [72].

Recently quantitative phosphoproteomics applica�

tions have been taken even further. The number of dis�

tinct intracellular signaling pathways is believed to be

smaller than the number of signals cells receive at any

given time and the differential responses it generates.

Several models responsible for diversification of signaling

pathways exist; a significant contribution to them results

from combinatorial encoding of individual signal trans�

duction pathways and pathway motifs [73]. This could be

one of the major reasons why closely related signals often

lead to very different cellular outcomes. Therefore, it is

essential to have methods that would permit determina�

tion of which signaling pathways are activated in response

to a given stimulus. Using a three�state SILAC labeling

approach, Kratchmarova et al. were able to discriminate

between signaling pathways operating in mesenchymal

stem cells (hMSC) in response to stimulation by EGF

and PDGF (platelet derived growth factor) [74].

Differentiation of hMSC into osteoblasts is stimulated by

EGF but not PDGF. Using quantitative phosphopro�

teomics, more than 90% of the signaling proteins were

found to be used by both ligands, whereas the phos�

phatidylinositol 3�kinase (PI3K) pathway was exclusively

activated by PDGF, implicating it as a possible control

point. Chemical inhibition of the phosphatidylinositol

pathway with PI3K�specific inhibitor in PDGF�stimulat�

ed cells removed the differential effect of the two growth

factors, suggesting that PI3K pathway is responsible for

inhibition of osteoblast differentiation in PDGF�stimu�

lated stem cells. It is therefore possible, with a combina�

tion of proteomics and chemical biology, to elucidate

pathways that influence cell fate.

The greatest shortcoming of the approaches dis�

cussed above is that they consider only tyrosine phospho�

rylation. Similar analysis of Ser/Thr phosphorylation

presents a considerably greater technical challenge, but it

would be very useful if these techniques could apply to all

phosphorylation. This is especially important since most

transcription factors are regulated through Ser/Thr phos�

phorylation. Overcoming this challenge would allow inte�

gration of intracellular signaling events and transcription�

al responses that they trigger (easily detectable by DNA

microarrays), thus producing invaluable data for analysis

of entire signaling cascades from effectors to downstream

transcriptional responses.

Mass spectrometry based quantitative proteomics

holds high potential as a technique of choice for a large

number of systems biology applications. However, quan�

titative proteomics, as every other high�throughput tech�

nique, has its limitations. It is still difficult to identify and

quantify all the low�abundance proteins, especially in the

presence of highly abundant ones. Furthermore, as in

DNA microarray technology, owing to the large amount

of data generated, the results produced by quantitative

proteomics are often “noisy” and it can be difficult to dis�

til functional and mechanistic hypotheses from such

global experiments. It is also difficult to perform pro�

teome wide quantitative experiments due to difficulties

incurred in handling complex protein samples. This can

be one of the most serious limitations of quantitative pro�

teomics to model building in systems biology at present,

since the later requires replicated data, which is difficult

to obtain for complex samples. However, the detection

limits and dynamic range of mass spectrometers are rap�

idly improving by development of new hardware and soft�

ware.

In this review we have provided various examples of

how quantitative proteomics can be used to study protein

interactions, temporal profiles of cellular signaling

events, and dynamic changes in the protein composition

of organelles. Such data sets can be an invaluable asset for

model building and model verification in systems biology.

Further insights into the complex biological network are
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achieved by integrating proteomics studies with data on

gene expression from DNA microarray experiments,

high�throughput mutagenesis studies, and bioinformatics

applications [75].

Knowledge about key components of the system can

be used for development of highly specific inhibitors for

drug targets with minimal side effects [76, 77]. Early pro�

teomic diagnostic of human diseases on the system level

can become the basis for personalized medicine of the

future [77].

The authors are grateful to Dr. Douglas Armstrong

for comments on drafts of this paper and useful discus�

sions.
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