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Abstract

While several techniques are available in proteomics,
LC-MS based analysis of complex protein/peptide mix-
tures has turned out to be a mainstream analytical tech-
nique for quantitative proteomics. Significant technical
advances at both sample preparation/separation and mass
spectrometry levels have revolutionized comprehensive
proteome analysis. Moreover, automation and robotics
for sample handling process permit multiple sampling
with high throughput.

For LC-MS based quantitative proteomics, sample
preparation turns out to be critical step, as it can signifi-
cantly influence sensitivity of downstream analysis. Sev-
eral sample preparation strategies exist, including deple-
tion of high abundant proteins or enrichment steps that
facilitate protein quantification but with a compromise
of focusing on a smaller subset of a proteome. While
several experimental strategies have emerged, certain
limitations such as physiochemical properties of a pep-
tide/protein, protein turnover in a sample, analytical plat-
form used for sample analysis and data processing, still
imply challenges to quantitative proteomics. Other as-
pects that make analysis of a proteome a challenging task
include dynamic nature of a proteome, need for efficient
and fast analysis of protein due to its constant modifica-
tions inside a cell, concentration range of proteins that
exceed dynamic range of a single analytical method, and
absence of appropriate bioinformatics tools for analysis
of large volume and high dimensional data.

This paper gives an overview of various LC-MS meth-
ods currently used in quantitative proteomics and their
potential for detecting differential protein expression.
Fundamental steps such as sample preparation, LC sepa-
ration, mass spectrometry, quantitative assessment and
protein identification are discussed.

For quantitative assessment of protein expression, both
label and label free approaches are evaluated for their set
of merits and demerits. While most of these methods edge
on providing “relative abundance” information, absolute
quantification is achieved with limitation as it caters to
fewer proteins. Isotope labeling is extensively used for
quantifying differentially expressed proteins, but is se-
verely limited by successful incorporation of its heavy
label. Lengthy labeling protocols restrict the number of
samples that can be labeled and processed. Alternatively,
label free approach appears promising as it can process
many samples with any number of comparisons possible
but entails reproducible experimental data for its appli-
cation.
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Proteomics

Genomics era arrived with a promise of providing complete

genome sequence needed for comprehensive analysis of an or-

ganism. However, it was discovered much later that a genome

could be predominantly static and unaltered in response to ex-

tra- and intracellular influences (Souchelnytskyi, 2005). The

obvious line of attack was to explore transcriptomics as both

genome and proteome were dynamically linked to it.

Transcriptomic studies were successful as they provided quan-

titative information on mRNA transcripts generated for certain

point of time. But a lack of correlation observed, between mRNA

and protein expression levels, eventually led investigators to

focus directly on proteins, referred to as ultimate effectors of a

cell.

Proteomics plays a central role in the discovery process due

to its diverse applications – mechanism of disease process, drug

targets, nutritional and environmental science, functional

genomics etc. Proteomics focuses on identifying and quantify-

ing proteins, characterizing them based on interaction, pre-trans-

lational and post-translational modifications, sub-cellular local-

ization, and structure under physiological conditions. Based upon

its underlying approach, proteomics is categorized as: expres-

sion, structural, and functional. Expression proteomics deals with

quantitative comparison of proteins that differ by an experimental

condition. Proteins are profiled on expression level changes or

any modifications that may have occurred between groups that

are being compared (Souchelnytskyi, 2005). Structural

proteomics, on the other hand aims at mapping out structure of

a protein complex or specific protein isolated from a system.

Likewise, functional proteomics characterizes a selective group

of proteins and assigns function derived from protein signaling

and/or drug interaction mechanism. In this article, we focus on

quantitative aspects of expression proteomics and its workflow.

Due to its ability to reflect dynamic nature of all cellular pro-

cesses and provide a global integrated view of all entities, quan-

titative proteomics has been extensively used for monitoring

both physiological phenomenon and pathological conditions

(Souchelnytskyi, 2005).

One such area that has greatly benefited from quantitative com-

parisons is biomarker discovery in cancer research. Biomarker

discovery entails quantitative analysis and identification of pro-

teins that can be mapped back to the cause of the condition. The

basis for biomarker discovery is to develop diagnostic techniques

that facilitate early detection and treatment options. Despite its

enormous clinical importance, the overall process of biomarker

finding is long with validation needed at several steps of dis-

covery process. (Chambers et al., 2000). Irrespective of indi-

vidual objectives of a proteome study, most researchers find

themselves interested in identifying proteins of relevance or

comparing protein abundances under different conditions (nor-

mal and diseased); with mass spectrometry (MS) as the enabling

technology. Recently, several protein profiling technologies have

been developed that allow identification of hundreds of pro-

teins and facilitate quantitative comparison of analytes from cell,

tissue, or human fluid samples (Graves and Haystead, 2002).

Such progress has primarily resulted from initial and continu-

ous development of instrumentation and analytical methods such

as mass spectrometry and chromatographic and electrophoretic

separation as well as from data analysis tools. Since protein iden-

tification and quantification are complimentary to each other

most proteomics studies include the following: i) Extraction and

isolation of proteins, ii) Separation of proteins/peptides (2D gel

and non-gel) iii) Data acquisition of protein fragmentation pat-

tern using mass spectrometry, and iv) Database search to reveal

protein identification. While these steps are still being improved

and developed to accommodate multi-dimensional data (Graves

and Haystead, 2002), inherent factors that still make proteome

investigations a difficult task are  broad dynamic nature of a

proteome and the in ability to capture constantly changing dy-

namics of a proteome (Graves and Haystead, 2002).

Quantitative Proteomics

Quantitative proteomics is an extension of expression

proteomics as it provides quantitative information (relative or

absolute) on existing proteins within a sample. Since biological

processes are mainly controlled by proteins, it is desirable to

study and compare proteins directly. Obtaining accurate infor-

mation on protein is crucial, as  any change in response to exter-

nal influence, indicates toward proteins that control underlying

biological mechanisms. Further to this, quantitative protein in-

formation can also be used towards modeling of  biochemical

networks. Absolute concentrations of proteins help build high

definition models; whereas relative quantitative data can be used

to compare  protein expression levels among samples, provided

the expression levels are normalized to a reference protein within

sample (Souchelnytskyi, 2005).

Even though current quantitative proteomics is far from char-

acterizing comprehensive proteome, several techniques exist that

are successful in extracting quantitative information on proteins

in their own limited way. These techniques include two-dimen-

sional electrophoresis, protein microarrays, microfludics, and

liquid chromatography coupled with mass spectrometry as out-

lined below.

Two-dimensional electrophoresis (2DE) method resolves pro-

teins as spots on a gel each spot specified by its molecular weight

(MW) and isoelectric point (pI). Widely used for complex pro-

teins mixtures, this technique has been successfully employed

as a tool for examining pathological processes such as

Alzheimer’s disease, schizophrenia (neuropathology), cardiac

hypertrophy, and cardiomyopathy (cardiovascular diseases) pro-

gression (Souchelnytskyi, 2005). However, certain drawbacks

exist: difficulty in accommodating hydrophobic proteins or ex-

tracting less soluble proteins (membrane proteins) and inability

to achieve an entire representation of a proteome. To broaden

the range of proteins covered and improve loading amounts,

protocols can include sequential extraction of proteins by fraction-

ation, however that leads to an extensive workflow which is a

major bottleneck for 2DE methodology. Bottlenecks also occur

at protein detection and quantitation levels, as intensive image

analysis is needed for single or doubly stained gels. In view of

current limitations of the 2DE platform, many gel free tech-

niques were developed that can include insoluble proteins as

well and are more global in set of proteins being analyzed.

Protein microarray is one such gel free technique that con-

sists of a library of peptides, proteins or analyte of interest spot-

ted on a solid support. Spotted protein samples are labeled with
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a fluorescent tag binding to the individual targets for quantifi-

cation and measurement purpose (Veenstra and Yates, 2006). In

addition to fluorescence, chromogen, chemi-luminescent and

radioisotopic labeling has also been utilized used for detection

purposes. Even though protein array are flexible and have a great

deal of potential to complement other prevalent proteomic tech-

nologies, its utilization and development has been severely lim-

ited due to several technical challenges (Hall et al., 2007). Some

of these consist of: a) absence of a wider variety of affinity re-

agents (besides monoclonal antibodies, recombinant proteins)

b) Improved surface chemistry to facilitate  immobilization and

capture of affinity reagents and c) need for self-assembling pro-

tein array platform(Veenstra and Yates, 2006). While protein

microarray is a high throughput method to probe an entire col-

lection of proteins, it is as good as the quality of proteins fixed

on the chip.

Microfluidics is a miniaturized technique that has rapidly ad-

vanced with the aim of analyzing small volumes of proteins.

Recent advances have been made towards implementing

microfluidics for protein sample treatment, cell manipulation,

sample cleanup, protein fractionation as well as on chip pro-

teolytic digestion (Veenstra and Yates, 2006). With dramatic ad-

vances observed for microfabrication and microfluidic applica-

tions, several protein profiling strategies such as microfluidics

based isoelectric focusing system, microdialysis of small vol-

umes of proteins have emerged that have the potential for im-

proved delivery to MS setup. Both  elctrospary ionization (ESI-

MS) and matrix assisted laser desorption ionization (MALDI)

interfaces have been investigated for  microfabricated

microfluidic devices, to be successfully applied towards pro-

tein/peptide separation using chromatographic and/or electro-

kinetic-based principles. While ESI-MS emitters have been ef-

fective for an infusion analysis, the tips can contribute toward

peak broadening not conducive for microfluidics based separa-

tion. Similarly for MALDI purposes, crystallized peptides have

been presented along the edge of a disc for MS analysis. In such

cases, the device has an increased surface-to-volume ratio which

allows protein digestion by means of proteolytic enzymes im-

mobilized on the chip surface (Veenstra and Yates, 2006). One

such successful application is multi-dimensional separation of

yeast cell lysate proteins, demonstrated with microfluidics in-

terface (Veenstra and Yates, 2006).

Liquid chromatography coupled with mass spectrometry (LC-

MS) is another attempt at achieving a fully integrated proteomic

system for analyzing protein components and is our main topic

of our discussion. LC is the most commonly used mechanism

for separating peptides and proteins. Separated analytes are de-

tected and identified by mass spectrometry. Inside a mass spec-

trometer, biomolecules are further separated before fragmenta-

tion, by their mass to charge ratio (m/z). Discussed in the fol-

lowing sections are the various LC-MS methods currently used

for quantitative expression proteomics.

Sample Preparation

Given the large differences observed in concentration of thou-

sands of proteins present in a sample, it is imperative to gener-

ate consistent and reliable data at all times. To achieve this, an

optimal protocol is needed to minimize the impact of various

factors that influence data quality. These include sample type

(body fluid, cells, tissue, etc.), sample collection method, sample

storage, physiochemical properties of analytes extracted, and/

or solubilized and reagents used.

Human samples are the most studied species for bimolecular

profiling, as they carry physiological information for onset of a

disease. Constantly monitored for their diagnostic abilities, hu-

man specimens include serum, plasma, cerebrospinal fluid, bile,

urine, milk, seminal fluid, hair, skin, saliva, etc. Careful selec-

tion of samples is necessary as certain groups of specimens are

more conducive to proteomic investigations. For example, se-

rum and plasma have high protein content, compared to saliva

that is 99% water and 0.3% protein, making the former more

suitable for proteomic studies. Conversely, urine samples mainly

composed of metabolites or end products of blood are more

appropriate for metabolomic studies. Similarly, hair is recog-

nized as an attractive specimen for drug analysis. Hence, a com-

promise in terms of sample availability and study objective is

needed, as all analytes may not show up in all body fluids (Rieux,

2006). Once samples are selected, sample integrity is maintained

with optimal storage conditions, to minimize sample variability

before analysis. Storage conditions vary according to its dura-

tion and kind of analytes needed to be preserved. Most body

fluids collected can be stored at -80°C. Likewise, mammalian

cell lines and tissue samples collected at the time of biopsy are

usually stored for long durations in cryo-vial units. These mate-

rials are frozen in liquid nitrogen and maintained at low tem-

peratures for years. Protein loss can occur due to interaction

with surfaces through adsorption or aggregation. In such cases,

samples sensitive to certain surfaces or light can be stored in

special dark vials (polypropylene) under a regulated environ-

ment (Rieux, 2006).

Processing of fluid samples can get difficult as it may contain

cells, proteins, peptides, nucleic acids, lipids, sugars, metabo-

lites, and small molecules etc. An initial step is to separate

cells and cellular debris from soluble components by means of

low-speed centrifugation and sample clarification via filters.

Following this would be steps that ensure proper processing,

sampling, and storage of specimens. Since incorrect sampling

can activate endogenous processes, leading to variation in analyte

composition, it is essential to ensure optimal handling condi-

tions after sample collection. One such example is serum prepa-

ration from plasma through coagulation.  Since coagulation is a

cascade of proteolytic events, it is a difficult to control process

which ultimately affects composition of the resulting serum. Ex-

perimental variation due to erroneous sampling can be mini-

mized by careful selection of sample population, reduced num-

ber of pretreatments (after collection), and by running appro-

priate number of samples.

In the absence of a universal sample preparation protocol, ex-

traction of proteins from samples is accomplished by a combi-

nation of mechanisms such as cell lysis, density gradient cen-

trifugation, fractionation, ultrafiltration, depletion/enrichment,

and precipitation (Wells et al., 2003).

Cell lysis can be carried out in appropriate solubilization buffer

by means of mechanical and chemical disruption methods.

Gentle-lysis methods include osmotic, freeze thaw, and deter-

gent based lysis; whereas vigorous methods include sonication,

grinding, mechanical homogenization, and glass bead disrup-

tion (Wells et al., 2003).
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Density gradient centrifugation can resolve complex cell ly-

sates by separating intact organelles based on their molecular

weight, size, and shape. This approach has been successful in

isolating specific protein complexes and/or proteins from cer-

tain sub cellular compartments such as nuclei, mitochondria etc.

Proteins from homogenate fractions are then further analysed

for protein identification (Graves and Haystead, 2002). Due to

their complexity, cell lysates need further fractionation to iso-

late low abundant proteins from the high abundant ones.

Fractionation reduces sample complexity by enriching for a

specific subset of proteins, before separation and MS analysis

(Wells et al., 2003). While fractionation can help detect more

proteins via mass spectrometry, it is limited to soluble proteins

only as they can be easily recovered (Graves and Haystead,

2002).

Ultrafiltration can also reduce sample complexity by remov-

ing high molecular weight (MW) proteins, based on a MW cut-

off, thus increasing relative concentration of low MW proteins

in a given sample. It cannot be used towards targeted protein

profiling, however, when interfaced with other protein deple-

tion/enrichment techniques it can enhance dynamic range of

proteomic analysis (Graves and Haystead, 2002). Use of mag-

netic beads is one such method that is used in conjunction with

ultrafiltration. This method not only enriches and desalts pep-

tides from a mixture but subsequently leads to noise suppres-

sion with the ability to quantify low mass analytes. Magnetic

beads are coated with functional groups, such as reverse phase

C8, with recovery of peptides (from beads) being reproducible

via an automated sample processing robot (Orvisky et al., 2006).

Besides ultrafiltration, high abundant protein depletion and/

or low abundant protein enrichment are other methods that pri-

marily aim towards low abundant proteins, which can be poten-

tial biomarkers. Removal of high abundant proteins is facili-

tated by using antibody- based or affinity dye-based resins. Dif-

ferent suppliers support different matrices that are targeted to a

variety of proteins, however, one needs to evaluate various meth-

odologies (MARS-Agilent, ProteoMiner-BioRad, Sigma-16

protein depletion) before deciding on a method that gives best

results. For label free approach, it has been established that deple-

tion improves linearity of protein intensity within the dynamic

range of an MS instrument (Wang et al., 2006a).

Another technique commonly used for concentrating proteins

in sample extracts is protein/peptide precipitation which removes

any contaminating species present, such as nucleic acids, lipids,

salts etc. (Graves and Haystead, 2002). Salting out, use of iso-

electric point and organic solvents are some additional methods

commonly used in protein sample preparation (Graves and

Haystead, 2002). Use of organic solvent or denaturing condi-

tions allows release of smaller proteins /peptides/ hormones

bound to large carrier proteins which can otherwise be lost in

sample preparation methods. Clean up kits can be used instead

of precipitation to remove any insoluble components from

sample before enzymatic digestion. Furthermore, for a sensi-

tive MS analysis, salts, detergents and electrolytes need to be

removed, as they lead to ion suppression (Graves and Haystead,

2002).

Once analytes of interest are extracted, peptides are gener-

ated by enzymatic or chemical cleavage of intact proteins and

subjected to MS analysis for detection and identification pur-

poses. Trypsin enzyme, commonly used for proteolytic diges-

tion cleaves at the carboxyl side of lysine and arginine residues.

Due to trypsin specificity it is possible to predict peptides which

ensure reproducible and effective generation of peptides. These

peptides are then cleaned/desalted using C18 cartridge and/or

Ziptip prior to downstream MS analysis (Graves and Haystead,

2002).

LC Separation Mechanisms

Since a proteome of an organism is too complex to be ana-

lyzed by a single separation step, multi-dimensional separation

is needed to achieve greater selectivity and peak capacity. Chro-

matography is one such technique that can separate protein/pep-

tide before downstream analysis. Based on its application, chro-

matography can be categorized as: gas chromatography (GC),

LC, or thin layer chromatography (TLC) (Fig. 1).

Separation with liquid chromatography is achieved in two

phases: mobile phase (liquid) and stationary phase. The mobile

phase permeates through a stationary phase at high pressure while

separating analytes, which are subsequently analyzed by mass

spectrometry. Stationary phase is a column packed with irregu-

lar or spherically shaped particles or a porous monolithic layer.

Separation is accomplished by standard liquid chromatography,

high performance liquid chromatography (HPLC), ultra-perfor-

mance liquid chromatography (UPLC).  UPLC is a new tech-

nique similar to HPLC, except for the decreased run time and

less use of solvent. Separation on UPLC is performed under

high pressure using small particle packed columns (5 µm) that

improves separation efficiency. Parameters affecting perfor-

mance of LC include solvent strength, pH, organic modifier,

ion pairing reagent, type of buffer and ionic strength. Based on

the polarity of the mobile and stationary phases, LC is further

divided into two sub-classes: reverse phase and normal phase.

Reverse phase has water-methanol mixture as the mobile phase

and C18 packing as the stationary phase; whereas normal phase

has stationary phase as more polar and a non-polar mobile phase

(toluene).

Discussed below are some of the most commonly employed

LC-MS based separation methodologies (adsorption, partition,

ion exchange, affinity, size exclusion) currently used in quanti-

tative proteomics.

Reverse phase (RP) chromatography is a commonly used liq-

uid-based separation that utilizes physiochemical properties of

proteins/peptides for its chromatographic profile. Since column

media is used to differentially retard migration of peptides, RP-

LC is more suited for complex peptide mitures. Parameters such

as stationary and mobile phase, retention mode, analyte charge,

hydrophobicity, and analyte conformation are critical for RP-

LC separation of analytes (Rieux, 2006). Typically, differences

in hydrophobicity are the driving force for separation between

analytes.  Analytes elute in combination with mobile phase that

differs in its aqueous composition with organic modifiers. De-

pending upon the kind of organic modifier used (mobile phase),

different solute-solvent interactions occur that allow orthogo-

nal selectivity in RP-RP (2D) LC setup (Rieux, 2006). For a

multidimensional setup, RP is the last dimension as volatility of
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organic mobile phase facilitates its coupling to MS interface.

Advantages include fewer ion suppression effects during LC

elution and efficient retention of polar compounds (Rieux, 2006).

Normal phase (NP) chromatography is another but rarely used

method of separation that focuses upon compounds that are

water/organic solvent insoluble and has been applied  for iso-

mer separation (McMaster, 2005). Normal phase chromatogra-

phy uses stationary phase made of silica, amino, cyan, and diol

packing, with mobile phase being mainly organic (Rieux, 2006).

NP has good retention for polar compounds with fine separa-

tion capabilities, but suffers from solubility issues and poor re-

producibility (Rieux, 2006).

Ion exchange (IEX) is another method commonly used for

purifying proteins or pre-fractionated peptides. This method uses

charge and surface distribution of analytes to determine their

interaction with solid phase. Since pH affects charges on amino

acids, pH control of mobile phase is critical, as it helps exploit

different IEX that can be used. Ion exchange chromatography

can be categorized as: weak anion exchange (WAX), weak cat-

ion exchange (WCX), strong anion exchange (SAX), and strong

cation exchange (SCX). The weak ion exchanges occur over a

relatively narrow pH whereas strong ion exchanges ionize over

a wide range of pH. Elution is attained by varying pH or salt

concentration of mobile phase which displaces peptides adher-

ing to stationary phase of a column (Rieux, 2006). At low pH (<

3), N terminus amino acids as well as basic amino acids con-

tribute towards net positive charge of an analyte, which can be

separated by cation exchange chromatography. Anion exchange

chromatography however, needs higher pH values. Besides us-

ing buffers with different pH, solvents with salt concentration

increased in a stepwise manner can also be used to elute pep-

tides.  Use of salt displacer leads to adduct formation, which

can be minimized by adding ammonium acetate or formate, as

they are preferably chosen over Na+ and K+ salts. Several stud-

ies using ion exchange chromatography find SCX a preferred

mode of fractionation as it allows buffer exchange before sepa-

rating onto second dimension RP-LC. For all 2D LC separa-

tions evaluated, SCX-RP and RP-RP LC techniques were found

to be comparable (Delmotte et al., 2007). Groups using SAX-

RP reported similar results when switching over to RP-RP 2-D

LC and SCX-RP 2-D LC model (Rieux, 2006). Advantages of

IEX include high resolving power, fast separation, compatibil-

ity with downstream chromatographic separation or assay, high

recovery and the ability to concentrate proteins from a dilute

solution. However, certain  constraints apply: application of

Figure 1: Basic LC-MS system and different kinds of chromatography (GC, LC, TLC) (TCD: thermal conductivity  detector,

FID: flame ionization  detector, MSD: mass selective detector, UV-VIS: ultraviolet-visible, RI: refractive index).
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sample under low ionic strength and controlled pH conditions,

protection of chromatographic instrumentation against salt-in-

duced corrosion, and post-chromatographic concentration of

recovered proteins resulting in high salt concentrations (>1 M)

making it unsuitable for downstream applications (Stanton,

2003).

Affinity chromatography enriches for a set of proteins, with

certain structural features such as phosphorylation, glycosylation,

nitration or histidine, from a mixture of analytes. Selection is

based on analyte interaction with immobilized molecules present

on solid packing material. Depending upon the kind of immobi-

lized molecules used, affinity chromatography is described as:

immuno-affinity chromatography (antibodies), immobilized

metal affinity chromatography (IMAC) or as ligands such as

dye, lectin, hexapeptides, etc. Immuno-affinity chromatography

uses antibody specificity for selecting analytes (Rieux, 2006).

Amino acids on antibody’s binding site engage in various non-

covalent interactions with amino acids of peptides/proteins. The

tridimensional structure of immobilized antibodies is preserved

by using buffer with a certain composition and pH that resembles

physiological condition. Acidic buffers are used to disrupt in-

teractions that elute analytes of interest. For example protein A

and G can form complexes with immunoglobins used to deplete

serum/plasma of existing antibodies. (Rieux, 2006). Similarly,

immobilized metal affinity chromatography relies upon com-

plex formation between metal ions and specific amino acids and

their functional groups, particularly histidine. For example,

phospho-proteins and amino acids can bind to immobilized Fe3+

ions and metal oxides such as aluminium, zirconium, and tita-

nium (Rieux, 2006) which is used towards retaining phospho-

proteins/peptides from protein mixtures. Likewsie, glycosylated

analytes can be selected using lectin packed columns that easily

recognize glycosylation motifs present on peptides/proteins.

Such columns use higher concentration NaCl with 0.2-0.8M

sugar added to it (Rieux, 2006). Affinity chromatography is ap-

plicable to most organic and non volatile compounds and is flex-

ible for a wide range of parameters (solid and liquid phase) that

can be varied to accommodate better separation. However, af-

finity chromatography can be time consuming and it can be re-

alized with certain analytical detectors only (Stanton, 2003). Also

IMAC can be biased towards proteins and peptides with histi-

dine residues (Rieux, 2006).

Size exclusion chromatography (SEC) uses matrices of dif-

ferent pore size to exclude analytes based on their size. Pro-

teins/peptides that are small enough to penetrate through the

pores elute toward the end of the run, thus separating them from

high MW compounds and polymers. Restricted access media

(RAM) is one kind of SEC extensively employed in pharma-

ceuticals to separate low-molecular weight analytes from their

counterparts. Porous silica based packing is used to deplete

samples of albumin, by means of size-exclusion and adsorption

chromatography (McMaster, 2005). Advantages include less

sample loss due to minimal interaction with stationary phase,

low molecular weight cleanup of samples, ability to screen for

small molecules in a sample mix. Since analytes are separated

by size, a 10% difference between molecular masses of pep-

tides/proteins is needed for better resolution. Also a limited num-

ber of bands can be accommodated in one run time (McMaster,

2005).

Hydrophilic interaction liquid chromatography (HILIC) and

hydrophobic interaction chromatography (HIC) belong to a

normal phase chromatography that uses miscible solvents on a

polar stationary phase. Analytes absorbed on a stationary phase

are partitioned into mobile phase. In HILIC, charged polar com-

pounds undergo cation exchange with silanol groups of station-

ary phase (silica particles coated with hydrophilic moieties)

(McMaster, 2005). HIC on the other hand is more closely re-

lated to RP except that it exploits hydrophobic properties of pro-

teins in a more polar and less denaturing environment. The as-

sumption being all proteins precipitate at high salt concentra-

tions (neutral salts) and are released from adsorbing surfaces at

lower salt concentrations  Protein binding to HIC is accomplished

by high concentrations of anti-chaotropic salts, whereas elution

is carried out by decreasing salt concentration of adsorbent buffer

(McMaster, 2005). Both HILIC and/or HIC have the following

advantages: (i) they are complementary to RP-LC, (ii) they en-

hance ESI-MS as higher organic composition allows better sen-

sitivity, and (iii) they allow sample preparation from liquid phase.

Both techniques suffer from versatility issues as well as their

inability to analyze non-polar compounds (McMaster, 2005).

Ion pair chromatography (IPC) differs from reverse phase

chromatography as it focuses on polar or ionic biomolecular

separation. Analyte selectivity is determined by mobile phase

where organic eluent is supplemented with an ion pairing re-

agent that has a charge opposite to the analyte of interest. IPC

(in elueant) forms an ion-pair with the counter ion retained on

stationary phase through hydrophobic moiety (McMaster, 2005).

Due to diverse interactions between analytes and IPC reagent,

each ion pair is retained differently which facilitates sharper

separation. One successful application of IPC is in separation

of biogenic amines: adrenaline, tryptamine, dopamine that share

similar retention times but are imparted different retention times

by means of an ion-pair. Selection of IPC reagents is influenced

by the presence of necessary counter ion and is further opti-

mized by adjusting pH and IPC reagent concentration

(McMaster, 2005). Disadvantages include short column life and

poor reproducibility.

Protein fractionation two dimensional (PF2D) is an alterna-

tive technique to classical proteome approach where protein frac-

tions are collected in the first dimension based on iso-electric

point and second dimension by hydrophobicity (Ruelle et al.,

2007). PF2D represents a two dimensional (similar to 2DE) liq-

uid phase separation technique in which fractions collected can

be analyzed by mass spectrometry. Samples separated on a first

dimension column are put through second dimension reverse

phase HPLC (Ruelle et al., 2007). Limitations of PF2D inlcude:

the need for large volume of sample and repeated replacement

of separation column. PF2D has been favorably applied towards

characterizing immunogens from nonpathogenic bacteria Ba-

cillus subtilis, in conjunction with polyclonal antibody and tan-

dem mass spectrometry (Ruelle et al., 2007). This setup appro-

priately referred to as “i-F2D-MS/MS”, successfully integrated

analytical 2D LC (PF2D) with immuno-blotting and mass spec-

trometry (Ruelle et al., 2007).

Mass Spectrometry

While significant advances have been successfully accom-

plished at liquid chromatography level, mass spectrometry re-
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mains an integral tool for protein identification and quantitation

purposes. A mass spectrometer consists of (i) an ionization source

on the front end that converts eluting peptides into gas phase

ions; (ii) a mass analyzer that separates ions based on m/z ra-

tios; and (iii) a detector that registers relative abundance of ions

at discrete m/z. Two ionization methods that have revolution-

ized the use of mass spectrometers are: MALDI and ESI. Both

methods are soft-ionization techniques that allow formation of

intact gas-phase ions prior to molecular masses measurement

by mass analyzer. There are various types of mass analyzer cur-

rently used in mass spectrometers  inlcuding: ion trap (IT), time-

of-flight (TOF),  quadrupole (Q), iv) ion cyclotron resonance

(ICR) and Orbitrap (Yates et al., 2009). Mass analyzer plays a

critical role in mass spectrometry as it can store and separate

ion based on mass to charge ratio. Uniqueness of a mass ana-

lyzer is assessed by its sensitivity, mass resolution, accuracy,

analysis speed, ion transmission and dynamic range (Yates et

al., 2009). A mass spectrometer can have various arrangements

of ion source and analyzer, some including one mass analyzer

or more than one analyzer, referred to as hybrid instruments.

The most common hybrid instruments include ESI-Q-Q-Q, ESI-

Q-TOF, Q-IT, IT-TOF, TOF-TOF, IT-FTICR, IT-Orbitrap,

MALDI-TOF and MALDI-QIT-TOF (Veenstra and Yates, 2006;

Panchaud et al., 2008).

Based on the kind of analysis pursued, mass analyzers are

categorized as: scanning  (TOF), ion beam (Q), or trapping (such

as Orbitrap, IT, ICR) (Yates et al., 2009).The scanning analyz-

ers are coupled to ionization techniques that proceed with pulsed

analysis (MALDI) whereas ion beam and trapping analyzers

are coupled to continuous ESI source (Yates et al., 2009). In-

struments with ion trap analyzers feature high sensitivity, fast

scan rates, high duty cycle, and multiple MS scans with high

resolution and mass accuracy (100ppm). It is observed that mass

spectrometers with one ion trap are more suited to bottom up

approach mainly due to their high sensitivity and fast scan rates.

Due to its ability to select, trap and manage ionic reactions, ion

trap is mostly used at the front end of Orbitrap and Fourier trans-

form-ion cyclotron resonance (FT-ICR) (Yates et al., 2009).

Orbitrap and FT-ICR are recent additions to mass spectrometry

instrumentation and discussed later in this section.

Once ions pass through mass analyzer they are detected and

transformed into a signal by a detector. Three kinds of detector

available are: i) electron multiplier, ii) photomultiplier conver-

sion dynode, and iii) Faraday cup. Each of these amplify inci-

dent ion signal to output current which is then directly mea-

sured (Graves and Haystead, 2002).

In ionization, MALDI relates to laser desorption ionization

(LDI) of analytes. While LDI encompasses airdrying of sample

on a metal surface, MALDI uses a matrix compound that ab-

sorbs and transfers energy from the laser. A variety of matrices

including aromatic acids can be used towards this objective.

The aromatic group absorbs energy at the level of laser wave-

length which results in proton transfer to the analyte (Veenstra

and Yates, 2006). MALDI is fast and efficient in ionizing pep-

tides and proteins, but the quality of its spectra greatly depends

on matrix preparation. The sample co-crystallizes with an ex-

cess matrix solution which has led to experimentation with vari-

ous methods of sample-matrix preparation. All methods aim to-

wards achieving a homogenous layer of analyte crystals as non-

uniform sample/matrix crystals give low resolution accompa-

nied by low correlation between analyte concentration and its

intensity. In general, MALDI ion source interfaced with TOF

mass analyzer can scan tryptic digest of target proteins with an

average of 30-40% protein sequence coverage. ESI on the other

hand forms ions at atmospheric pressure followed by droplet

evaporation. Peptide/ protein solution passed through a fine

needle at high potential helps generate analyte ions. The electri-

cal potential produces charged droplets which shrink by evapo-

ration resulting in charge density. The ESI ion source has a ten-

dency to produce multiply charged peptide ions depending upon

the number of groups on a polypeptide chain that are available

for ionization (Veenstra and Yates, 2006). Tandem MS of

polypeptides is often done in positive ionization although nega-

tive ionization can also be applied towards identifying sulfated

or phophorylated peptides. A common setup for ESI includes

reverse phase-liquid chromatography (RP-LC) coupled to ESI-

MS/MS. The flow rates of the solution can be adjusted depend-

ing upon the nano or micro bore RP columns. Typically the flow

rates used for LC systems are 100-300nL/min and 1-100µL/

min for the nano or micro LC, respectively (Veenstra and Yates,

2006).

Comparisons between MALDI and ESI reveal both strategies

are complementary to each other, each having its own strength

and weakness. MALDI mainly produces singly charged pep-

tide ions which make mass spectra interpretation very straight-

forward. Being a sensitive technique, it is more tolerant of pres-

ence of buffers, salts or detergent than ESI. It works best with

simpler protein mixtures as high ion yields of intact analyte can

be achieved with high accuracy. However, factors that limit its

application include: i) Inability of certain peptides to co-crys-

tallize with matrix  ii) Disparity in ionization affinity being ob-

served, as all expected tryptic peptides do not show up iii) Need

for homogenous sample-matrix crystals as good target (Veenstra

and Yates, 2006). Additionally, LC-ESI can generate multiple

charged ions, directly from sample solution. When coupled to

LC, peptides separated continuously can be examined sequen-

tially with high efficiency and increased throughput. However,

ESI is less tolerant of interfering compounds in the sample ma-

trix. With peptide elution (from chromatographic column) ex-

ceeding MS/MS scan, sometimes peptides present in samples

can be severely under-sampled (Veenstra and Yates, 2006).

Fourier transform-ion cyclotron resonance (FT-ICR) is a novel

mass analyzer with increased resolution, peak capacity and re-

solving power. In FT-ICR, ions in the cyclotron are irradiated

with same frequency electromagnetic wave which leads to reso-

nance absorption of the wave (Yates et al., 2009). Energy trans-

ferred to the ion increases its kinetic energy which further in-

creases its trajectory radius. All ions in a cyclotron are then si-

multaneously excited by a rapid scan of large frequency range

within 1 microsecond time span (Yates et al., 2009). Based on

extensive calculations, Fourier transform mass spectrometer can

achieve time spans of 1 sec per spectrum. Due to high sensitiv-

ity, the dynamic range of these instruments is limited to 106 with

an ability to scan ions for a longer duration. Ability to select

ions of a single mass based on resonance frequencies increases

the resolution for these instruments from100,000 to 500,000

(Yates et al., 2009).
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Orbitrap is the most recent addition to the pool of mass ana-

lyzers currently available, used in the form of LTQ-Orbitrap.

This application traps moving ions in an electrostatic field that

forces them to move in complex spiral patterns (Yates et al.,

2009). Accurate reading on measuring m/z is achieved by means

of oscillation frequencies of ions with different masses through

use of a Fourier transform. The orbitrap mass analyzer presents

a dynamic range greater than 103 with high resolution (150,000),

high mass accuracy (2-5 ppm) and a m/z range of 6000 (Yates et

al., 2009). Upon coupling to LTQ ion trap, the hybrid instru-

ment can provide high resolution and mass accuracy along with

faster scans and high sensitivity. Orbitrap has been successfully

used for large-scale analysis of Mycobacterium tuberculosis

proteome and applied to a virtual multiple reaction monitoring

(MRM) approach (Yates et al., 2009). Due to its two complete

mass analyzers capable of detecting and recording ions, orbitrap

can operate for both top-down and bottom-up analyses

(Scigelova and Makarov, 2006). Large scale bottom up

proteomics is plagued by false identifications which can be mini-

mized if all data acquired is with high mass accuracy. In such

instances, linear ion trap of LIT-Orbitrap isolates and fragments

ions selected for analysis, for full scan and subsequent MS frag-

mentation in orbitrap (Scigelova and Makarov, 2006) which

considerably increase mass accuracy. While MS/MS in ion trap

is similar to that of orbitrap, the most significant difference is in

the resolution and mass accuracy observed for its peaks. Alter-

natively high resolving power of orbitrap can also facilitate

analysis of intact proteins and help locate modifications on frag-

ment sequences (Scigelova and Makarov, 2006). Moreover,

orbitrap has been applied for extensive characterization of

phosphopeptides by means of MS3 and de novo sequencing us-

ing computer algorithms such as PEAKS (Scigelova and

Makarov, 2006). Overall benefits of Orbitrap via high mass ac-

curacy ability, includes quantification of low abundant peptides,

profiling of complex samples, and identification of proteins from

limited sequence proteomes (Yates et al., 2009).

Comparisons reveal Orbitrap offers comparable mass accu-

racy to FT-ICR instruments, but at a very low cost and less main-

tenance. While Orbitrap has been used in both bottom-up and

top-down approaches, FT-ICR offers broader mass/charge range

more suited to top-down protein analysis (Yates et al., 2009).

Protein/Peptide Identification

Protein identification by mass spectrometry is categorized as

either top-down or bottom-up approach. In top-down proteomics,

intact proteins or large protein fragments are introduced into

the mass analyzer whereas in bottom-up peptides are introduced

as ESI ions. Upon entry precursor ions receive multiple charge,

which are then further fragmented to produce product ions, us-

ing electron capture dissociation (ECD) and/or electron trans-

fer dissociation (ETD) mechanism. Interpreting top-down MS/

MS spectra can be difficult as each multiply charged precursor

can generate a set of multiply charged product ions. This limita-

tion is circumvented by employing charge state manipulation or

use of high mass accuracy instruments such as FT-ICR. While

ion charge state manipulation is easy to accomplish by ion pro-

ton transfer, having access to a FT-ICR instrument is not easy.

While top-down is still an upcoming field, major advantages

include complete protein sequence along with characterization

and location of post translational modifications (PTM), no time

wasted on protein digestion due to use of intact proteins. How-

ever, it is mainly restricted to proteins smaller than 50kDa, re-

quires use of high end mass spectrometers (FT-ICR, Orbitrap)

and generates a composite spectrum that is more suited for simple

protein mixtures (Mikesh et al., 2006).

Alternatively, bottom-up ionizes peptides separated over

online-chromatography coupled to a mass spectrometer. Pep-

tides from first scan form a peptide mass fingerprint (PMF) that

is directly searched against a theoretical database for protein

identification or subjected to tandem MS by collision induced

fragmentation. Mass spectrometry instruments typically used

for bottom-up approach include ions traps, hybrid Q-TOF and

TOF-TOF mass spectrometers. Bottom-up is the most widely

used approach successfully applied to identifying proteins from

complex mixtures. With online reverse phase LC coupled to

MS the whole setup can be automated minimizing experimental

variation. However, certain limitations exist: partial sequence

coverage as only a small fraction of peptides are identified, loss

in PTM information, extended run times on multi-dimensional

LC  and loss of low abundant peptides masked by high abun-

dant protein information.

Although both (top-down and bottom-up) approaches termi-

nate with mass spectrometry identification, top down uses an

offline separation, as coupling online chromatography to FT-

ICR and other high mass accuracy spectrometers is difficult.

Commonly used separation methods for top-down are pre-frac-

tionation, protein fractionation, and purification. Also included

are affinity capture and solution phase isoelectric focusing tech-

niques that separate protein based on sequence and pI informa-

tion. Ion exchange, size exclusion, and hydrophilic- or hydro-

phobic-interaction chromatography and capillary electrophore-

sis are other viable options for protein fractionation (Mikesh et

al., 2006). Gel electrophoresis separation can also be used but

with restraint as it is difficult to extract proteins and one en-

counters detergents that interfere with MS analysis. Likewise,

bottom-up uses either gel electrophoresis (1D or 2-D GE) with

peptides extracted from in gel digested proteins, separated over

reverse phase LC or multidimensional LC of complex peptide

mixture. Gel separation offers great advantages in terms of ac-

cess to additional protein information such as mass, pI and PTM.

However, drawbacks include labor intensive gel analysis, pre-

dominance of high abundant proteins, poor recovery of hydro-

phobic proteins, etc.

With common mass spectrometers, peptides introduced by ESI

are sequenced for information by tandem mass spectrometry

(MS/MS). By far, the most common method used is low energy

collision activated dissociation (CAD) that cleaves amide bonds

on peptide backbone to produce b and y ions. However, CAD is

not conducive to detecting post-translational mondifications

(PTM) due to presence of missed cleavages by trypsin, low

charge peptides and size limitation imposed by CAD (Mikesh

et al., 2006). While modifications on cellular proteins are wide-

spread, any protein alteration is an indication towards its role in

biological phenomenon. PTM’s provide insights into the func-

tion of a protein; therefore analyzing them is critical for disease

investigations. To facilitate better peptide sequence identifica-

tion with labile PTM’s being retained on different peptides; two

alternative methods of dissociation have been developed (ETD

and ECD). ETD utilizes ion/ion chemistry to fragment peptides,
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by transferring an electron to multiply charged positive precur-

sor ions. ECD however, relies on peptide cations in magnetic

field of FT-ICR to capture floating low energy electrons, them-

selves. These reactions result in peptide cations containing an

odd electron that undergoes subsequent dissociation. ECD is

indifferent to peptide sequence and length, therefore results in

random breakage of peptide backbone while retaining labile

modifications. Although both techniques elicit c and z ions in

the end by cleaving Cα-N bond, they differ in the kind of instru-

ments and method of peptide dissociation (Mikesh et al., 2006).

ETD uses a radio frequency quadropole ion trapping instrument

that is not only inexpensive and low maintenance but easily ac-

cessible. However, ECD requires FT-ICR, a high mass accu-

racy instrument that is expensive and least accessible (Mikesh

et al., 2006). While modifications on cellular proteins are wide-

spread, any alterations on protein are an indication of its role in

biological phenomenon. PTM’s provide insights into the func-

tion and role of a protein; therefore analyzing them is critical

for disease investigations (Mikesh et al., 2006).

Protein identification depends upon the PMF characteristic

of a protein and the pattern of masses generated by a MS. The

fingerprint is then searched against a proteome database; best

matches of experimentally obtained peptide map to theoretical

PMF of individual proteins within a database, leads to the iden-

tity of unknown protein. Several factors that can affect peptide

mapping results can be grouped together as either fingerprint–

constructing or fingerprint-searching factors (Veenstra and Yates,

2006). Factors that influence fingerprint construction include i)

Noise level of a peptide set ii) The number of peptides in a given

fingerprint and iii) Mass accuracy based on instrument calibra-

tion. When searching the database, characteristics of the organ-

ism being studied and specific PTM’s are two factors that need

attention. The query PMF is compared to every sequence that

exists in the specified database. A match is evaluated based on

various algorithms which returns a probability based score. If

the fragment is a result of tryptic digest, every fragment be-

tween K and R in a protein’s theoretical sequence is quantified

by the weight of amino acids in that fragment (in Daltons) and

if the mass of peak submitted as a query matches to this calcu-

lated mass, a random chance or true protein identification

(Veenstra and Yates, 2006). The accuracy for the mass of an un-

known sample can vary anywhere from between 1 to 1000 ppm,

with 100 to 400 ppm being the most typical for many laborato-

ries. Depending upon how well is the instrument calibrated; a

more stringent search will lead a searching algorithm to fail to

match some observed peaks to database fragment masses re-

sulting in no identification. The percentage length coverage of

a peptide is an index of how well is a protein represented in the

query PMF. Fragments outside the allowable range of 600Da

and above 3000Da and below an intensity threshold are not in-

cluded in the query PMF in database search. PMF can some-

times have limitations such as some peptides tend to ionize over

the expense of others or signal for modified peptides can be

observed that are not predicted by in silico digestion which can-

not be matched unless accounted for the modification (Palcy

and Chevet, 2006) Features such as database size, distribution

frequency of a peptide mass for a given protein, and distribu-

tion of mass accuracy are some parameters that can influence

the specificity of a search  Therefore the choice of a parameter

helps user to get high specificity without missing a true protein

positive (Veenstra and Yates, 2006).The intensities of spectrum

do not correlate with the amount of peptide in the samples due

to suppression effect and ionization bias, therefore it is relevant

to evaluate if the intense peaks have been used toward protein

identification or not. For large proteins, large amount of pep-

tides should be matched whereas for a small protein low num-

ber of peptide matches can result in reasonable coverage

(Veenstra and Yates, 2006).

Tandem MS (MS/MS), on the other hand reveals additional

information on peptide sequences. Peptide samples can be sepa-

rated by one or multi-dimensional LC and subjected to tandem

mass spectrometry for peptide sequencing. Database search pa-

rameters include types of ion selected, method of mass calcula-

tion, peptide charge state, and parent ion tolerance. Types of

ions selected for generating theoretical data can depend upon

the kind of instrument used for fragmentation. Mass spectrom-

eters such as ion trap, quadrupole and Q-TOF result in b and y

ions whereas instrument with high energy collision induce dis-

sociation (CID) can generate a, c, x and z ions as well. For the

calculation of peptide mass, monoisotopic or average method

can be used as mass spectrometers do no measure mass of pep-

tides but instead mass to charge values (Veenstra and Yates,

2006). For a given protein, the monoisotopic mass is the mass

of the isotopic peak whose elemental composition is composed

of the most abundant isotopes of those elements. Average mass

is the weighted average of all the isotopic masses abundant of

that element. High resolution mass spectrometers can use

monoisotopic determination for mass whereas with ion traps it

is better to use average mass (low resolution). Peptide ion charge

state can be determined in high resolution instruments by the

isotopic distribution patterns observed in MS spectrum. With

low resolution instruments it is not possible to tell the exact

charge, though single and multiple charged ions can be easily

distinguished. Parent ion tolerance allows certain measured pep-

tides selected from sequence database to be scored against the

experimental spectra along with the choice of enzyme used for

peptide digestion. The number of candidate peptides needed for

analysis is reduced with the specification of an enzyme which

reduces search time significantly. Modifications such as reduc-

tion and alkylation for gel based proteins are incorporated prior

to analysis; Other modifications categorized as static or vari-

able are incorporated as search parameters in database search.;

static modifications are where all occurrences of a residue are

modified  whereas variable modifications are when some resi-

dues may or may not be modified (Veenstra and Yates, 2006).

For protein mixtures as complex as > 10,000 proteins, frag-

ment-ion matching technology is used instead of PMF. Peptides

from protein digest are dissociated into fragments using mass

spectrometers, the mass spectral of which is measured and

searched against a database to determine the resulting precursor

peptide mass. This approach is particularly useful when a pep-

tide sequence is unique to possibly identify the protein origin

based only on MS/ MS fragmentation. Researchers have found

that tandem mass spectrometry has a higher success rate in pro-

tein identification than MS-based identification (Gulcicek et al.,

2005). Another method for database searching involves the “se-

quence tag” approach which uses short amino acid tags gener-

ated after tandem MS interpretation against peptides in protein
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databases for the same enzymatic cleavage. For a protein with

no previous sequence information, de novo interpretation is con-

sidered useful at the tandem MS level (Veenstra and Yates, 2006).

For a given peptide sequence all fragment ions and masses can

be specified, which is exactly how de novo sequencing tries to

assemble amino acids sequences for a peptide based on spectral

pattern.

In order to search databases, several MS search engines have

been developed for peptide identification by searching experi-

mental mass spectra against MS data of in silico digested pro-

tein databases. SEQUEST (BioWorks), MASCOT and

ProteinProspector are some of the algorithms used for peptide

identification. Peptide, matching a protein entry are clustered

together and reported as a protein hit (Palcy and Chevet, 2006).

The database score is computed according to some scoring func-

tion that measures the degree of similarity between experimen-

tal spectra and the peptide pattern observed for theoretical frag-

mentation. SEQUEST one of the most commonly used programs

calculates cross correlation score for all peptides queried. In

addition to X-corr a derivative score which computes the rela-

tive difference between the best and second best X-corr is com-

puted which is useful for discriminating between correct and

incorrect identifications. MASCOT, a probability based score

estimates the probability of matches occurring by chance for

the number of peaks in an experimental spectra and the distri-

bution of a predicted ions. With the SEQUSET algorithm, manual

review of data is needed to avoid choosing false positives. Since

MASCOT uses probability based scoring that assigns score to

all identifications, it depends entirely upon the researcher to

consider which protein identification as significant (Gulcicek et

al., 2005).

Alternatively, spectral library (instead of theoretical spectra)

can be used for database searches. Here, peptide mass spectral

libraries (MS/MS spectra) become standardized resource for

robust peptide identification as they are based on actual physi-

cal measurements of peptides already identified in previous ex-

periments (Kienhuis and Geerdink, 2002). Many advantages ex-

ist in using this approach in comparison to traditional approach:

firstly it is fast as it uses experimental spectra only rather than

searching against all possible peptide sequences generated from

genomic sequence. Secondly, peptides and proteins are identi-

fied with higher sensitivity because an experimental spectrum

is more likely to match to a library spectrum better (i.e. with

higher confidence) than to a theoretically predicted spectrum.

Ultimately, spectrum libraries can provide a common reference

point allowing researchers to objectively analyze and compare

datasets generated in different experiments (Kienhuis and

Geerdink, 2002).

LC–MS Based Quantitative Assessment

Mass spectrometry identifies unknown biomolecules based

on their accurate mass and fragmentation pattern. However, for

proteomic studies this is possible only if sample is a simple mix-

ture or has been previously divided into simpler parts by high

resolution separation methods. Liquid chromatography inter-

faced with tandem mass spectrometry is shown to be well suited

for such quantitation purposes without the use of gels. How-

ever, LC-MS generated data is contingent upon factors such as

instrument sensitivity, detection coverage, dynamic range, mass

accuracy and resolution (Listgarten and Emili, 2005). One such

high resolution method that accommodates most of the above

mentioned separation methodologies, is nano-liquid chromatog-

raphy (nano-LC). While detecting proteins present at reason-

able levels was easy to achieve, measuring small quantity pro-

teins in complex mixtures has always been very challenging. In

order to achieve maximum sensitivity, concentration of low

quantity proteins needs to be within detection limits of the in-

strument pushing the need for small volumes. This approach

has led to the development of nano-LC where LC pumping de-

vices capable of delivering samples at nl/ min flowrate separate

components on columns of diameter size < 100µm (Qian et al.,

2006). Additionally samples can be enriched for low abundant

protein by means of depletion, pre-fractionation and concentra-

tion techniques prior to nano-LC-MS detection. This is greatly

beneficial for samples that have proteins in concentration range

of 105 – 1010 or even more (tissue, plasma, serum etc). Nano-LC

offers several advantages such as: low sample volumes, im-

proved electrospray efficiency due to small droplet formation,

high efficiency packed columns that can be operated with MS

friendly solvent systems, reproducible delivery of solvents to

nano columns etc.(Qian et al., 2006) However certain disad-

vantages limit its potential as a high throughput technique. These

include the not so robust LC-MS interface as nano-flow com-

ponents and analytical column interfacing to nano-spray emit-

ter (5µm) are frequently prone to failure, small volume leaks

that go undetected, dispersion due to dead volume between com-

ponents and of course longer runs needed for better separation

(Qian et al., 2006). Overall, in absence of a single platform for

global profiling of a proteome, nano-LC definitely has the up-

per hand with maximizing number of identifications being re-

ported; provided samples are pre-fractionated prior to analysis.

Importantly other new techniques like fast LC, gas phase sepa-

rations and better nano-ESI interfaces also present a promising

future for discovery applications (Qian et al., 2006).

Also, since mass spectrometry is not intrinsically quantita-

tive, strategies have been developed that allow differential mass-

labeling of analytes prior to mass spectrometry. Although these

methods are “gold standards” for protein quantitation, they have

not been widely used for large-scale multiplexed analyses. This

is mainly due to their relatively high cost, limited availability of

different mass-coded labels and frequent under-sampling asso-

ciated with MS/MS. Besides, since peptide identification seems

to precede quantification, numerous peptides are identified that

are unchanged in abundance between samples. As a result, a lot

of instrument time and data analysis is consumed by proteins

that may have less biological significance. Discussed below are

commonly used methods absolute quantification and relative

quantification (using stable isotope labeling and label-free meth-

ods) for quantitative assessment of protein expression (Fig. 2.).

Absolute quantitation

Absolute quantitation of proteins, commonly known as

AQUA, is achieved by adding internal standards of known quan-

tity to a protein digest that is subsequently compared to the mass

spectrometric signal of peptide present in the sample. It uses

synthetic peptides that have some kind of differential isotopic

label used for spiking purposes prior to LC-MS. These synthetic

peptides can match to the experimentally observed sequence

but are synthesized with heavy analogues of amino acids. Quan-
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tification is achieved by calculating intensity ratio of the endog-

enous peptide (light) to the intensity of the reference peptide

(heavy), that share same physicochemical properties including

chromatographic elution, ionization efficiency, fragmentation

pattern but are distinguished by mass difference (Pan et al., 2009).

While this approach is attractive for validation purposes, a num-

ber of limitations exist such as: very few proteins can be quan-

tified, amount of labeled standard needs to be determined be-

fore spiking, ambiguity due to presence of multiple isobaric pep-

tides in mixture etc. Some of these issues can be resolved by

selected reaction monitoring (SRM) method that compares the

intensity of precursor and fragment ions of “heavy” standard to

“light” peptides of a test protein (Raghothama, 2007). The com-

bination of peptide retention time, mass and fragment mass re-

moves any ambiguities in peptide assignment and generally

broadens the quantification range (Bantscheff et al., 2007). SRM

has been applied to studying low abundant yeast proteins in-

volved in gene silencing (Bantscheff et al., 2007). Variation to

SRM is multiple reaction monitoring (MRM) which uses mul-

tiple peptides for multiplexed quantitation. Samples include in-

ternal standard peptides with light and heavy label such that it is

applicable to pair peptides in an identical fashion (Okulate et

al., 2007). In addition to using individual tryptic peptides, one

can use a recombinant protein made up of many tryptic pep-

tides, as a standard protein. While having prior information on

protein helps decide what masses to look for, it is important to

realize that amount of protein determined in an experiment may

not reflect its true expression levels in a cell (Bantscheff et al.,

2007). Protein standard absolute quantification (PSAQ) is an-

other method that uses an intact protein with stable isotope la-

bel as an internal standard for quantification. PSAQ has been

successfully applied to quantify staphylococcal super antigen

toxins in urine and drinking water and determine absolute lev-

els of alcohol dehydrogenase in human liver samples (Bantscheff

et al., 2007).  Metal coded tags (MeCAT) is another method that

utilizes metal bound by MeCAT reagent to a protein or

biomolecule, in combination with element mass spectrometry

inductively coupled plasma mass spectrometry (ICP-MS), for

first time absolute quantification (Pan et al., 2009).

Stable isotope labeling

For past several decades, stable isotope labeling has been rec-

ognized as an accurate method for MS based protein quantifica-

tion. While several methods exist, each method is distinguish-

able by the way heavy labels are introduced into a peptide/pro-

tein. Based on the introduction of stable isotope labels into

analytes, isotope labeling is categorized as metabolic (in vivo or

culture) and chemical (in vitro).

Metabolic labeling relies on growing cells in culture media

with isotopically labeled amino acids and nutrients that allow in

vivo protein labeling during cell growth process. Relative

quantitation is determined by comparison of “heavy” with “light”

labeled cells. Peptides identical in sequence (between samples)

but labeled with different mass show up as a distinct mass shift

on MS. There are different kinds of metabolic labeling.

Stable isotope labeling by means of metabolites (15N or 13C) is

achieved by enriching media with 15N ammonium salts to re-

place all 14N nitrogen atoms or 13C glucose to replace 12C atoms

respectively. Both “light” and “heavy” samples are combined

in 1:1 ratio to exclude for any experimental variations during

cell growth. The 14N/15N or 12C/13C labeled peptides are identi-

fied in mass spectra as doublet ion cluster, separated by the mass

shift introduced by heavy nitrogen isotope. Comparison based

Figure 2: Different approaches for quantitative assessment of proteins in biological samples.
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on peak intensities or peak areas is used to relatively quantify

protein samples. Depending upon the length of a peptide and

varying number of N or C atoms, the heavy isotope leads to

varying mass shift which results in highly complex mass spec-

tral data. 15N labeling has been used for simpler organisms such

as bacteria, yeast and has been applied to A. thaliana and mam-

malian cell culture as well (Gulcicek et al., 2005).

Stable isotope labeling by amino acids in cell culture (SILAC)

is another labeling approach that uses amino acid as a labeling

precursor, added to the culture media during cell growth

(Monteoliva and Albar, 2004). Originally developed to gener-

ate mass-tagged peptides for accurate and specific protein iden-

tification via peptide fingerprinting, this method is now estab-

lished for quantitative proteomics. This approach makes tan-

dem MS interpretation much easier as labeled and unlabelled

peptides mass differences are easily predictable (Monteoliva and

Albar, 2004). Unlike 14N/15N peptide pair comparison, peptides

in SILAC exhibit mass differences defined by the combination

of isotopically labeled amino acids used for labeling purpose.

First described for yeast model, SILAC has been applied to-

wards studying protein-protein interactions, identifying post

translational modifications and assessing protein expression lev-

els (Monteoliva and Albar, 2004). To achieve complete labeling

of proteome, only amino acids that are essential to the organism

or contribute to genetically auxotrophic state are generally used.

Amino acids with relatively high abundance such as arginine,

leucine and lysine are employed to result in high number of

labeled peptides, thus providing information on multiple pep-

tide pairs. Isotopes generally used are: 13C and 2H. SILAC being

a simple process, has been used for identifying and analyzing

post translational modifications and signal transduction events

in yeast pheromone pathway as well (Monteoliva and Albar,

2004).

Several studies have effectively applied metabolic labeling

with stable isotopes towards comparative proteomic investiga-

tions. Some of these studies include investigation of human Hela

cells labeled with 13C
6
Arg and 2H

3
Leu labels followed by LC-

MS/MS analysis, S. cerevisae cells labeled with 2H
10

Leu for

protein identification with MALDI, mouse fed with 3C
2
Gly la-

beled diet to map peptides to a protein based on mass and leu-

cine content information, etc. (Beynon and Pratt, 2005). SILAC

has been successful with mammalian cell culture labeling where

isotope labeled essential amino acids have been fully incorpo-

rated into the proteome, plant cell culturing with 70%-80% in-

corporation and with auxotrophic yeast mutants (Engelsberger

et al., 2006). Elements of quantitative proteomics that have

greatly benefited from SILAC include the following: formation

of signal-dependent protein complexes, modification-dependent

protein-protein interaction screens, analyses of the dynamics of

signal-dependent phosphorylation events etc (Engelsberger et

al., 2006). Major advantages over other stable isotope labeling

strategies include: labels that are biosynthesized and are present

in live cells, compatibility with cell culture conditions, no affin-

ity purification step, samples or cells from two states can be

mixed into one providing an internal control for finding real

proteomic differences independent of variability from process-

ing steps, absence of side reactions due  to highly specific en-

zymes, etc. Limitations include: a small subset of tryptic pep-

tides being tagged, substantial incorporation of isotope needed

for effective labeling, experimental variability introduced dur-

ing labeling processes, etc. (Beynon and Pratt, 2005).

For samples that are less amenable to metabolic labeling,

chemical reactions have been exploited to introduce isotope

encoded tags into proteins/peptides. The chemical tag chosen is

targeted to a specific functional group of an amino acid residue

to which it is covalently bonded. Choice of a labeling method

depends upon factors such as sample complexity, protein quan-

tity and downstream instrumentation employed. Chemical tag-

ging can be categorized as:

Isotope coded affinity tags (ICAT), a widely accepted quanti-

tative technique  allows protein quantification by using light or

heavy  isotopes that bind to sulphydryl groups of amino acid

residues that can be identifiable by micro-capillary LC/ESI/MS/

MS (Monteoliva and Albar, 2004). Chemical incorporation of

isotope tags is typically pursued after protein extraction, with

control and experimental samples being derivatized with light

and heavy ICAT reagent followed by trypsin digestion

(Monteoliva and Albar, 2004).  The ICAT reagent has three com-

ponents: a biotin tag, an oxyethylene linker region and a thiol

specific iodoacetyl group that derivatizes Cys residues in pro-

teins. Labeled peptides are fractionated using strong-cation ex-

change liquid chromatography followed by RP-HPLC and tan-

dem mass spectrometry analysis to identify and quantify ICAT

peptide pairs (Gulcicek et al., 2005). ICAT is analogous to

microarray use of two different dyes or DIGE protein expres-

sion analysis, as changes in expression are determined by dif-

ferences in intensity observed. ICAT technology has been re-

portedly applied to several proteomic studies including total

proteome characterization of yeast, Pseudomonas aeruginosa,

etc. (Monteoliva and Albar, 2004). Labeling is dependent upon

the presence of cysteine residues as its sulphydryl groups are

chemically labeled in proteins; which makes this technique less

suitable to proteins that lack Cys residues. The limitation arises

at the mass spectra and database search levels, as proteins that

lack cysteine cannot be included in the analysis (Monteoliva

and Albar, 2004). The advantage is however, enrichment for

Cys containing peptides which reduce sample complexity be-

fore MS analysis (Monteoliva and Albar, 2004).

Another strategy in quantitative MS-based proteomics is the

derivatization of primary amines including amino termini of

proteins/peptides. Two techniques currently established under

this category are iTRAQ and ICPL:

Isobaric tag for relative and absolute quantification (iTRAQ)

specifically aims at multiplexing sample without generating clus-

ters of peptide pairs. This technique utilizes labeled amine modi-

fying chemistry with MS/MS based quantification mode. iTRAQ

reagents consist of three principal components: a reporter group

based on N methyl piperazine, carbonyl balance group and a

peptide reactive group (McMaster, 2005). Owing to selective

inclusion of 13C, 15N and 18O atoms, differentially labeled pep-

tides appear as single peaks in MS spectra which can be quanti-

fied based on their iTRAQ reporter ion information received in

the second step of mass analysis. Since iTRAQ labeled peptides

need to be analyzed with tandem MS, the strategy relies heavily

on only these reporter groups that can be observed in MS/MS

scans. Due to appearance of reporter ions in low m/z range,

iTRAQ cannot be used with conventional ion trap instruments.
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Isotope coded protein labeling (ICPL) uses an isotope coded

N- nicotinoyl oxysuccinamide tag to allow incorporation of

amine reactive tags inside intact proteins. The samples are re-

duced and alkylated before derivatizing with ICPL however;

one need to consider that tryptic cleavage of ICPL labeled pro-

teins would occur only to C terminal Arg residues and not at the

modified Lys residues. Use of ICPL for MS-based quantitative

proteomics has been demonstrated in various differential analy-

sis studies including rat hepatoma cell exposure to carcinogenic

toxin, halobacterium membrane proteome etc. (McMaster, 2005).

18O labeling: Peptide C termini can be selectively derivatized

by incorporating heavy oxygen atoms (18O) using serine pro-

teases in combination with protein digestion or after comple-

tion of amide bond hydrolysis with heavy labeled water. For

relative quantification, two samples digested parallel in H
2
O18

and H
2
O16 are mixed in 1: 1 ratio prior to chromatographic sepa-

ration and MS analysis. Relative abundance is determined by

comparing signal intensities or peak areas of 16O/ 18O encoded

peptide pairs (McMaster, 2005).

Chemical labeling of protein samples is mainly achieved by

post-synthetic modification of proteins and tryptic peptides, by

chemical and enzymatic derivatization. While chemical label-

ing has been advantageous for highly complex samples, it is

prone to certain limitations. Certain concerns that limit its ap-

plication are:  incomplete labeling of peptides that incorporate

label at different rates making data analysis a formidable task,

use of cysteine and lysine residues in ICAT making this tech-

nique less suitable for proteins that have no or few lysine or

cysteine residues or for identifying post translational modifica-

tions and splice isoforms, labeling kinetics dependent upon pro-

tein turnover, modified lysine is not digested by trypsin result-

ing in longer peptides that obscure MS analysis, high labeling

efficiency needed prior to separation as incomplete labeling

impairs resolving power and of course side reaction during la-

beling that can lead to unforeseen products that confound data

interpretation (Bantscheff et al., 2007).

Label-free

While labeling protocols (e.g., ICAT, iTRAQ, 18O- or 15N-

labeling, etc.) remain the core technologies used in MS-based

proteomic quantification, increasing efforts have been directed

to the label-free approaches. Label-free method is attractive to

investigators due to cost effectiveness, simpler experimental

protocols, fewer measurement artifacts, and limited availability

of isotope labeled references (Goodlett and Yi, 2003; Lill, 2003).

The most common label-free methods include the following:

Spectral count method, is where the total number of MS/MS

spectra taken on peptides from a given protein in a given LC-

MS/MS analysis is used to compare differential abundance be-

tween cases and controls (Old et al., 2005). This approach is

based on the fact that more a protein present in a sample; more

of MS/MS spectra is collected for its peptides. This method sim-

ply counts the number of spectra identified for a given peptide

in different samples and integrates results of all measured pep-

tides for the protein quantified. It can be used for quantitative

protein profiling as extensive MS/MS data is collected across

chromatographic time scale. Sequence coverage method  uses

information on total coverage of a protein sequence by its iden-

tified peptides (Florens et al., 2002). The peptide count method

uses the total number of peptides identified from a protein (Gao

et al., 2003). Peptide ion intensity method measures peptide ion

intensity by integrating area under the curve and comparing them

for their relative abundance. It requires MS data to collect un-

der “data dependent” mode (MS scan, Zoom Scan and MS/MS

scan). Comparison of ion intensities, is a method where LC-MS

runs are compared to identify differentially abundant ions at

specific m/z and retention time  (RT) points. This approach is

based on precursor signal intensity (MS), applicable to data de-

rived from high mass precision spectrometers. The high resolu-

tion facilitates extraction of peptide signal at the MS1 level and

thus uncouples quantification from the identification process. It

is based on the observation that intensity in ESI-MS is linearly

proportional to the concentration of the ions being detected. The

key factor to label free method is in the reproducibility of its

LC-MS runs and proper alignment of LC runs, for reliable de-

tection of differences. Since label free methods can go beyond

pair-wise comparison they rely heavily on computational analy-

sis.

The first three methods relate the relative protein abundance

to the observed sampling statistics from tandem MS/MS. How-

ever, these methods are not fast enough to probe every ion de-

tected in the first stage of mass spectrometry and much of the

information available in that stage is discarded, especially for

low-abundance ions. Direct comparison of LC-MS peaks with-

out using the corresponding MS/MS data provides the opportu-

nity to examine all biomolecules present in the entire LC-MS

profiles. To estimate relative abundance of biomolecules from

multiple LC-MS runs, some investigators apply direct compari-

son methods using MS1 ions and the entire retention profiles,

(Prakash et al., 2006; Radulovic et al., 2004) while others use

monoisotopic masses and the peak apex of elution

profiles.(Kearney and Thibault, 2003; Pierce et al., 2005; Wang

et al., 2003) It is based on the principle that the relative abun-

dance of the same biomolecule in different samples can be esti-

mated by the precursor ion signal intensity across consecutive

LC-MS runs, given that the measurements are performed under

identical conditions (Kuhner and Gavin, 2007).

It also appears that labeling efficiency is not consistent as it

varies between samples. Alternatively, label free methods are

used to calculate relative abundance of a biomolecule by esti-

mating precursor ion signal intensity across consecutive LC-

MS runs. The assumption being all measurements are performed

under identical conditions (Kuhner and Gavin, 2007). A critical

challenge in using this method for biomarker discovery lies in

normalizing and aligning the LC-MS data from various runs to

ensure bias-free comparison of the same biological entities across

multiple spectra.

With respect to advances made at instrumentation level, sample

preparation, analytical platforms, computing power and

bioinformatics algorithms, label free quantitation has been a

successful technique for comparing ion intensities. However,

certain constraints such as stability and reproducibility of ana-

lytical platform limit its full potential. As label-free LC-MS

method relies heavily on pattern matching of LC-MS runs, ob-

taining a high degree of experimental reproducibility is essen-

tial. This is challenging, especially when large number of samples

are involved. While true reasons for irreproducible LC-MS runs

are incompletely understood, factors contributing towards this
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are: i) Low data quality ii) Variability due to sample preparation

process (depletion, trypsin digestion, etc.) iii) Variability due to

analytical equipment performance (separation, ionization, ion

suppression-detection) iv) Sytematic bias of different spectrom-

etry methods or stochastic sampling etc. (Baggerly et al., 2004).

Data reproducibility can be evaluated by means of quality con-

trol process where intensity and retention time reproducibility

or pattern similarity of overlapping MS features is compared.

Differences across runs can be minimized by measuring and

controlling all sources of variation. Different ways to accom-

plish this are: careful experimental design, use of standard pro-

tocols, controlling experimental conditions when conducting

studies, repeated measurements, validation after every shift in

protocol and better methods of external calibration (Baggerly et

al., 2004).

Computational Methods for Mass Spectrometry Data 

Mass spectra contain true signal and electronic/chemical noise

due to contaminants and matrix; which causes varying baseline

(Malyarenko et al., 2005). In addition, mass spectra reflect vari-

ability in sample preparation and sample degradation. Previous

quality-control experiments identified  properties of mass spec-

trometric measurements that must be accounted for at analysis

(Fung and Enderwick, 2002; Yasui et al., 2003). Thus, detec-

tion of differential protein expression through analysis of mass

spectral data requires careful experimental design. It is impor-

tant to take into account population sampling, matching of con-

trols, protocols for unbiased sample collection, uniform sample

preparation methods, and appropriate mass spectrometric analy-

sis. Sorace and Zhan reported the possibility of experimental

bias in their assessment of surface enhanced laser desorption/

ionization time-of-flight (SELDI-TOF) analysis of ovarian can-

cer (Sorace and Zhan, 2003). Ransohoff indicated that bias will

increasingly be recognized as the most important ‘threat to va-

lidity’ that must be addressed in the design, conduct and inter-

pretation of such research (Ransohoff, 2005). Bias can occur if

the case and control groups are handled in systematically differ-

ent ways, introducing an apparent ‘signal’ into one group but

not the other. Such differences might be introduced at several

stages, including specimen collection, handling and storage, or

during data generation. Diamandis questioned why the features

and classification performance vary so drastically across stud-

ies (Diamandis, 2004). This concern is based on the observa-

tions that different SELDI-TOF approaches combined with dif-

ferent machine learning techniques for pattern recognition pro-

duce highly variable results in terms of relevant features and

classification accuracy. Such variation may be attributed to a

large number of features relevant to the task of discriminating

healthy individuals from those afflicted with cancer. Baggerly

et al., (2004) indicated the cause for inconsistent result could be

the chemical/electronic noise and/or bias introduced during the

acquisition of the MS spectra.

A mass spectrum is represented by a large sequence of paired

values, where each pair contains the following: (1) a measured

intensity, which depends on the abundance of the detected

biomolecules and (2) a mass-to-charge ratio (m/z), which

depends on the molecular mass of detected biomolecules. When

obtaining a spectrum, we expect imperfect measurements caused

by noise, peak broadening, instrument distortion and saturation,

isotopes, miscalibration, and contaminants of various kinds. The

impact of these artifacts can be minimized by preprocessing the

raw spectra prior to selecting differentially abundant peaks. The

purpose of preprocessing is to correct intensity and m/z values

in order to: (1) reduce noise, (2) reduce amount of data, and (3)

make the spectra comparable to each other. For example, outlier

screening removes spectra whose data distributions substantially

differ from others. Binning reduces the dimension of a spectrum

by grouping intensity measurements at adjacent m/z values into

bins. Smoothing is a process by which data points are averaged

with their neighbors as in a time-series data to increase signal-

to-noise ratio. Baseline correction flattens the base profile of a

spectrum to minimize the impact of varying baseline caused by

the chemical noise in the matrix or by ion overloading; drifting

baseline introduces serious distortion of ion intensities without

adequate correction. Normalization reduces systematic variation

that may be caused by varying amounts of protein, sample

degradation over time, or variation in the sensitivity of the MS

ion detector. Peak detection deals with the identification peaks

that display a reasonable intensity compared to those that may

be just noise. The simple peak finding algorithm provides the

locations of potential peaks and their associated left-hand and

right-hand bases. Peak calibration allows correction of drifts

that do not reflect any real sample variation. Without peak

calibration, the same peak (e.g. the same protein) can have

different m/z values across samples. To allow an easy and

effective comparison of different spectra, peak alignment

methods find a common set of peak locations (i.e. m/z values)

in a set of spectra, in such a way that all spectra have common

m/z values for the same biological entities.

A critical challenge in using LC-MS for detecting differential

protein expression lies in normalizing and aligning the LC-MS

data from various runs to ensure bias-free comparison of the

same biological entities across multiple runs. This is particu-

larly important in label-free quantification and comparison of

analytes by LC-MS. The output of an LCMS experiment con-

sists of three dimensions: (1) the elution time, also called reten-

tion (RT) point, (2) the m/z value, and (3) the intensity (ion abun-

dance). Figure 3a presents three-dimensional data derived from

a typical LC-MS experiment for a single run (Listgarten et al.,

2005). As shown in the figure 3, each LC-MS run generates

spectra comprised of hundreds of peak intensities for peptides

with specific RT and m/z values. Figure 3b shows a mass spec-

trum (ion abundance vs. m/z) at a particular RT point (RT in the

figure is 10 minutes). Figure 3c depicts the total ion current

(TIC) obtained by calculating the sum of the ion abundances

across the m/z dimension for each RT point. Although RT is a

continuous variable, the LCMS system produces mass spectra

at a discrete set of RT points, usually a few seconds apart. It is

typical to represent RT points by scan indices, since there is a

one-to-one correspondence between RT points and total MS scan

numbers.

In differential protein expression studies, multiple LC-MS runs

are compared to identify differentially abundant peptides be-

tween distinct biological groups. This is a challenging task be-

cause of the following reasons: (1) substantial variation in RT

across multiple runs due to the LC instrument conditions and

the variable complexity of peptide mixtures, (2) variation in m/

z values due to occasional drift in the calibration of the mass

Analysis
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Figure 3: Data derived from a typical LC-MS experiment (Listgarten et al., 2005).

(a) Three-dimensional LC-MS data of a sample for RT points between 10 and 12 minutes and m/z values
between 400 and 1000.

(b) Mass spectrum in the range between 400 and 1600 m/z at RT=10 minutes.

(c) TIC plot of the LC-MS data between 10 to 55 minutes of RT.
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spectrometry instrument, and (3) variation in peak intensities

due to spray conditions (in most cases this is proportional to

concentration of peptides in the sample). Thus, efficient and

robust normalization and alignment algorithms are needed for

quantitative comparison of multiple LC-MS runs. Figure 4 pre-

sents a typical LC-MS run of a sample on a Qstar Elite instru-

ment (Q-TOF). For visualization purpose, TIC and extracted

ion current (XIC) are plotted. The former is a plot of the sum

ion count across the entire m/z range vs. retention time. The

latter is a plot of the sum of the ion signal for a particular m/z

value vs. the retention time. Figure 5 depicts three TIC profiles

obtained from the same subject. Overlaying profiles from repli-

cate LC-MS data allow us to assess the reproducibility of the

sample preparation and LC-MS data generation process.

The increasing demand and challenges for label-free quanti-

fication of analytes through LC-MS have led to the develop-

ment of a number of software packages including OpenMS

(Kohlbacher et al., 2007), CPM (Listgarten et al., 2007),

LCMSWARP (Jaitly et al., 2006; Umar et al., 2007), MapQuant,

(Leptos et al., 2006), Msight (Palagi et al., 2005), msInspect

(Bellew et al., 2006), SpecArray,(Li et al., 2005), SuperHirn,

(Mueller et al., 2007), mzMine (Katajamaa and Oresic, 2005),

and Xalign (Zhang et al., 2005). Commercial software tools in-

clude MSView (Wang et al., 2003), Spectromania (Tammen et

al., 2003), MosaiquesVisu (Wittke et al., 2004), MATLAB

Bioinformatics Toolbox 3.0 (The Mathworks), MassHunter

(Agilent), metAlign (PlanResearch International B.V.), MS Re-

solver (Pattern Recognition Systems), Rosetta Elucidator

(Rosetta Biosoftware), DeCyder (GE Healthcare AB), Sieve

(Thermo Fisher Scientific), MarkerView (Applied Biosystems),

and MassLynx (Waters). Most of these software tools have their

own computational requirements and implicit challenges. Some

are instrument specific, others are proprietary. Thus, they lack

the flexibility to analyze data generated from different instru-

ments and the options to further optimize the algorithms.

LC-MS data preprocessing

Various data preprocessing steps are conducted before LC-

MS runs can be compared for differential protein expression.

These include deconvolution of multiple charged peaks and iso-

tope clusters using the maximum entropy approach (Zhongqi et

al., 1997). Other preprocessing steps include outlier screening,

binning, baseline correction, smoothing, alignment, and normal-

ization. In the following, we briefly discuss alignment and nor-

malization methods.

Alignment is necessary to correct for chromatographic and

mass spectrometric drifts that do not reflect real sample varia-

tion. Alignment methods find a common set of features across

Figure 4: Typical LC-MS data from Qstar Elite instrument: A) Total ion current scan for a 90 min run from a quadrupole-time-

of-flight hybrid mass spectrometer; B) MS (+TOF) survey scan at 23.44 min (Inset: Magnified view of mass region 600-620 m/z);

C)Extracted ion current of  605.84 m/z peak; D) TOF LC- product of  605.84 m/z peak.

In
te

ns
ity

 (c
ps

)
In

te
ns

ity
 (c

ps
)

In
te

ns
ity

 (c
ps

)
In

te
ns

ity
 (c

ps
)

Time (min)

Time (min)

m/z

m/z

1.00e6 2 . 7 e 4
2 . 6 e 4

2 . 4 e 4

2 . 2 e 4

2 . 0 e 4

1. 8 e 4

1. 6 e 4

1. 4 e 4

1. 2 e 4

1. 0 e 4

8 0 0 0 .0

6 0 0 0 .0

400 0.0

2 00 0.0

0.0

700

650

600

550

500

450

400

350

300

250

200

150

100

50

0

1.4e5
1.3e5

1.2e5

1.1e5

1.0e5

9.0e4

8.0e4

7.0e4

6.0e4

5.0e4

4.0e4

3.0e4

2.0e4

1.0e4

0.0

9.00e5

8.00 e5

7.00 e5

5.00 e5

4.00 e5

3.00 e5

2.00 e5

1.00 e5

0.00

7.28

10.72

549.3360(2)

1000.4800

183.2170

211.2124

70.1196

18.69 19.49

17.04

21.75

24.6932.18 37.23

39.86

605.8 460(2)

931.5252(1)

686.4597

720.8468

41.63

46.34

70.08
77.06

10       20       30       40       50       60       70       80  50 0  10 0 0  150 0       20 0 0

200        400        600        800      1000    1200      140010       20        30       40       50        60        70       80

6.00 e5

A) B)

D)
C)

2.7e4
2.6e4

2.4e4

2.2e4

2.0e4

1.8e4

1.6e4

1.4e4

1.2e4

1.0e4

8000.0

6000.0

4000.0

2000.0

0.0
600 605  610  615 

605.8460(2)

605.8509(2)

605.8655(2)

22.73

23.17

24.21



9.0e5
8.0e5

6.0e5

4.0e5

2.0e5

0.0

7.8e5

6.0e5

4.0e5

2.0e5

0.0

1.20e6

1.00e6

8.00e5

6.00e5

4.00e5

2.00e5

0.00

5              10             15             20             25             30              35             40             45             50             55             60             65              70             75             80             85

5              10             15             20             25             30              35             40             45             50             55             60             65              70             75             80             85

5              10            15             20             25              30              35             40             45             50            55             60             65              70          75             80             85

9.86

0.12

11.54 13.38

16.65

19.48

21.45
25.00

31.04

13.40

16.43

18.54

20.65

21.71

23.91

30.39 39.78

53.47
63.33 67.96

78.51

16.16

19.02

19.96

22.88

52.60
78.82

37.2137.74

26.57

30.70

Time (min)

In
te

ns
ity

 (c
ps

)

Journal of Proteomics & Bioinformatics  - Open Access

 JPB/Vol.2/October 2009

J Proteomics Bioinform  Volume 2(10) : 416-438 (2009) - 432

 ISSN:0974-276X   JPB, an open access journal

LC-MS runs to allow quantitative comparison of the same bio-

logical entities. Without alignment, the same biomolecule can

have different m/z or retention time point across multiple runs.

Thus, alignment with respect to both m/z and retention time is a

prerequisite for quantitative comparison of proteins/peptides by

LC-MS.

Alignment algorithms have traditionally been used on data

points and/or feature vectors of fixed dimension (Ramsay and

Silverman, 2002). Applications of these algorithms for LC-MS

data alignment have been reported in the literature (America et

al., 2006; Horvatovich et al., 2007; Jaitly et al., 2006; Listgarten

et al., 2007; Mueller et al., 2007; Pierce et al., 2005; Prakash et

al., 2006; Radulovic et al., 2004; Sadygov et al., 2006; Wang et

al., 2007; Wiener et al., 2004). The most common approaches

for aligning LC-MS data are based on the identification of land-

marks or structural points (referring to the unique charge spe-

cies in data) and the use of internal standards, respectively. The

landmarks are usually associated with maxima, minima, or other

critical or inflection points. Multiple LC-MS runs are then

aligned so that the landmarks are synchronized. In this frame-

work, the most widely used algorithm is dynamic time warping

(DTW) that performs the alignment in time axis by stretching

or shrinking the time series data. Another common method is

correlation optimized warping (COW), which computes a piece-

wise linear transformation by dividing the time series into seg-

ments and then performing a linear warp within each segment

to optimize overlap while constraining segment boundaries. The

parameters for the best linear transformation are determined by

maximizing the sum of correlation coefficients or covariance

between data segments in pairs of samples. Most of the existing

algorithms including DTW and COW are either limited to a con-

sensus combination of pair-wise alignment or use a reference

(template) for alignment. This limitation leads to suboptimal

results compared to global alignment techniques.

Normalization is one of the important preprocessing tasks

needed to separate interesting biological variation from obscur-

ing sources of variability introduced in LC-MS–based studies.

In particular, when data are available from multiple LC-MS

experiments in which expressions of different types of

biomolecules are measured for the same participants, the inte-

gration of the data is nontrivial. For example, many clustering

algorithms measure profile dissimilarity by Euclidean distance.

If one experimental platform produces large numbers and the

others produce small numbers, then profiles from the former

experiment will dominate (and potentially distort) the identifi-

cation of clusters. To mitigate such difficulties, it is desirable to

begin by converting the different measurements to a common

scale. Due to lack of reliable methods, internal standards spiked

in biological samples are typically used for normalization. For

example, the mzMine toolbox utilizes multiple internal stan-

dard compounds injected to samples to calculate a set of nor-

malization factors, one for each standard compound based on

either searching for a standard compound peak closest to the

peak or using weighted contribution of each standard compound

(Katajamaa and Oresic, 2005). However, as the authors them-

selves noted that this method suffers from the ad hoc assign-

Figure 5: TIC chromatograms from replicated runs of human IgG and Albumin depleted serum. SCX fraction (0.1M) (10µl)

was loaded for 90 min with a flow rate of 300nl/min in 1% mobile phase B (98% ACN, 2% water, 0.1% formic acid).
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ments of internal standards for each component based on a sub-

set of relevant chemical properties (Sysi-Aho et al., 2007). Also,

in the context of the need for universally applicable analytical

tools and since internal standards can vary depending on the

instrument used and samples under study, it is desired to de-

velop a normalization method that does not rely on internal stan-

dards.

Alignment and normalization methods that rely on optimiza-

tion of global fitting function provide an alternative solution to

address the above challenges without requiring landmarks or

internal standards. For example, a recently introduced method

called continuous profile model (CPM) has been applied for

alignment and normalization of continuous time-series data and

for detection of differences in multiple LC-MS data (Listgarten

et al., 2005; Listgarten et al., 2007).

Difference detection

Difference detection deals with the identification of peaks that

represent differentially abundant biomolecules. Various unsu-

pervised and supervised methods have been proposed for peak

selection from LC-MS data. For example, principal component

analysis (PCA) transforms the spectral data to a new coordinate

system such that the variables in the new data space (known as

scores or principal components) are orthogonal and are sorted

in the decreasing order of their variances. The peaks that con-

tribute to the top factors are identified by using the eigen-value

plot (Purohit and Rocke, 2003). A similar approach has been

used in a supervised way (e.g., partial least squares, PLS), where

the training examples with known disease status are used to cal-

culate the factors. The weight plot obtained from this PLS analy-

sis provides a tool to select useful peaks (Chen et al., 2007;

Purohit and Rocke, 2003).

Another commonly used supervised approach applies statis-

tical analyses such as t-test, shrinkage t-statistic, and weighting

factor,(Golub et al., 1999) which recognize differentially abun-

dant peaks between two groups with multiple subjects. For ex-

ample, in a pair-wise comparison between patient and control

subgroups, we calculate the shrinkage t-statistic for each fea-

ture (with a specific retention time point and m/z value) in the

preprocessed LC-MS data. The shrinkage t-statistic is a regu-

larized t-statistic that is based on a model-free shrinkage esti-

mator of the variance vector across peptides/glycans (Opgen-

Rhein and Strimmer, 2007). To calculate non-parametric p-val-

ues, a permutation method can be used by randomly reassign-

ing the class labels and computing the corresponding t-statis-

tics. The resulting p-values are utilized to control the false dis-

covery rate. Alternatively, multivariate permutation tests are used

for controlling the number and proportion of false

discoveries.(Korn et al., 2004) The permutation tests are based

on permutations of the labels of which samples are in which

classes. For each permutation, the shrinkage t-statistics are re-

computed to determine a measure of the extent it appears differ-

entially expressed between the random classes determined by

the random permutation. The peaks are then ranked by their

shrinkage t-statistic for the permutation. This process is repeated

for a large number of permutations. Consequently, for any thresh-

old, we compute the distribution of the number of peptides/gly-

cans that would have t-statistic better than that threshold for

permutations. That is the distribution of the number of false dis-

coveries, since peptides/glycans that are significant for random

permutations are false discoveries.

The selected peaks are typically used as inputs to a pattern

classification algorithm such as random forest and support vec-

tor machine (SVM). Random Forest is an ensemble of unpruned

classification or regression trees, induced from bootstrap samples

of the training data, using random feature selection in the tree

induction process. It is a classification method based on “grow-

ing” an ensemble of decision tree classifiers. In order to classify

a new object, the input is analyzed using each of the classifica-

tion trees in the forest. Each tree gives a classification, “voting”

for that class. The forest chooses the classification having the

most votes (over all the trees in the forest). A measure of the

importance of classification variables is also calculated by con-

sidering the difference between the results from original and

randomly permuted versions of the data set. Prediction is made

by aggregating (majority vote for classification or averaging

for regression) the predictions of the ensemble. Random forest

generally exhibits a substantial performance improvement over

the single tree classifier such as classification and regression

tree (CART). Izmirlian (Izmirlian, 2004) discussed how the ran-

dom forest approach can be successfully applied for in

proteomics profiling study to construct a classifier and discover

peak intensities most likely responsible for the separation be-

tween classes.

The SVM recursive feature elimination (SVM-RFE) algorithm

recursively classifies samples with SVM and selects peaks ac-

cording to their SVM weights (Guyon et al., 2002). Benefiting

from the good performance of SVMs in high-dimensional gene

expression data, SVM-RFE is often considered as one of the

best feature selection algorithms in the literature. Also, stochas-

tic global optimization methods such as genetic algorithms, simu-

lated annealing, and swarm intelligence methods have been used

to systematically select features from a high-dimensional search

space without the need for an exhaustive search. We previously

developed a hybrid of SVM and ant colony optimization (ACO)

to select a panel of optimal peaks (Ressom et al., 2007). To evalu-

ate the generalization capability of the peaks and the SVM clas-

sifier determined by the training data set, we test the SVM clas-

sifier using a blind validation set, i.e., a test set that is set aside

during the process of data preprocessing, peak selection, and

building the SVM classifier. An important weakness of many

machine learning-based classification algorithms is that they are

not based on a probabilistic model. There is no probability level

or confidence interval associated with predictions derived from

using them to classify a new set of data. The confidence that an

analyst can have in the accuracy of the results produced by a

given classifier is based purely on its historical accuracy—how

well it has predicted the desired response in other, similar cir-

cumstances. Thus, after learning is completed, a machine-learned

paradigm is evaluated for its performance through previously

unseen testing data set (also known as a blind validation set).

The purpose of this evaluation is to prove the adequacy or to

detect the inadequacy of selected peaks or a classifier. Inad-

equate performance could be attributed to insufficient or redun-

dant peaks, inappropriate selection of model structure for the

classifier, too few or too many model parameters, insufficient

training, overtraining, error in the program code, or complexity

of the underlying system such as presence of highly nonlinear
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relationships, noise, and systematic bias. The aim of evaluating

is a classifier is to insure that it serves as a general model. A

general model is one whose input-output relationships (derived

from the training data set) apply equally well to new sets of data

(previously unseen test data) from the same problem not in-

cluded in the training set. Thus, the main goal of machine learn-

ing-based modeling is thus the generalization to new data of the

relationships learned on the training set (Wang et al., 2006b).

Various methods have been used to test the generalization

capability of a classifier. These include the k-fold cross-valida-

tion, bootstrapping, and hold-out methods. In k-fold cross-vali-

dation, we divide the data into k subsets of (approximately) equal

size. We train the model k times, each time leaving out one of

the subsets from training, but using only the omitted subset to

compute the classification error. If k equals the sample size, this

is called “leave-one-out” cross-validation. In the leave-one-out

method, one sample is selected as a validation sample and fea-

ture selection and classifier building are performed using the

remaining data set. The resulting model is tested on the valida-

tion sample. The process is repeated until all samples appear in

the validation set. In the hold-out method, only a single subset

(also known as validation set) is used to estimate the generali-

zation error. Thus, the hold-out method does not involve cross-

ing. In bootstrapping, a sub-sample is randomly selected from

the full training data set with replacement. Common

bootstrapping methods include bagging and boosting. Bagging

can be used with many classification methods and regression

methods to reduce the variance associated with prediction, and

thereby improve the prediction process. In bagging, many boot-

strap samples are drawn from the available data, some predic-

tion method is applied to each bootstrap sample, and then the

results are combined by voting. Boosting can also be used to

improve the accuracy of classification. Unlike bagging, the

samples used at each step are not all drawn in the same way

from the same population, but rather the incorrectly predicted

cases from a given step are given increased weight during the

next step. Hence, boosting uses a weighted average of results

obtained from applying a prediction method to various samples.

Whole population based approaches (e.g., SVM-RFE and

ACO-SVM) enable us to select a panel of peaks that lead to

good classification accuracy. Although a subset of the peaks

identified by these methods may be attributed to a subgroup of

subjects, neither the subset of peaks nor the subgroup of sub-

jects could be isolated due to the nonlinear interaction of the

peaks. Methods that search for subgroup-specific peaks and dis-

cover unknown subgroups are needed. Such methods are ex-

pected to give insight into the relationship between the selected

peaks and the corresponding subgroup of subjects. For example,

in gene expression data analysis, methods for capturing genes

differentially expressed in only a subset of patients have been

explored, instead of trying to identify differentially expressed

genes at the whole-population level (e.g., comparison of sample

means) (Lyons-Weiler et al., 2004; Pavlidis and Poirazi, 2006).

These types of methods offer a more patient-specific approach

for marker identification, and can select markers that exhibit

complex patterns that are missed by metrics that work under the

comparison of two prelabeled phenotypic groups (Friedman and

Meulman, 2004; Kim et al., 2006; Tadesse et al., 2005).

Challenges and Future Outlook

It is clearly evident that a single technology or method alone

cannot address issues associated with dynamic constituents of a

proteome; however, improvements made so far have definitely

broadened utility of “proteomics” as a tool for biological under-

standing. One of the remaining challenges in proteomics is to

quantify all protein entities in a single measurement. What is

desirable is a fully integrated multifunctional system that would

allow comprehensive quantification of a wide spectrum of pro-

teins (Jayaraman, 2002).

Challenging as it is, experimental design would need to in-

clude suitable sample preparation, labeling and detection meth-

ods conducive to downstream quantification  (Zhiyuan et al.,

2007). Factors such as sample preparation steps that impact ac-

curacy and precision of data acquired would need to be con-

trolled. For example, depletion helps increase range of detec-

tion but consequently leads to sampling of a small subset of

proteins. Ultimately, only a fraction of all proteins detected gets

quantified (Zhiyuan et al., 2007). Although each sample prepa-

ration step is known to enhance data quality, sometimes exces-

sive steps can result in selective loss of analytes. While sample

complexity is considerably reduced, the exact state of a proteome

is misrepresented. Similarly, proteomics discovery is limited by

low data sampling rates which results in low analytical through-

put. Even though many analytes can be detected by a single

mass spectrometric measurement, time needed for efficient chro-

matographic separation of numerous peptides restricts high

throughput analysis.

While multiplexing of protein profiling is desirable, current

tools in discovery experiments impede simultaneous monitor-

ing of all proteins. With advances in microfabrication technique,

current bottlenecks perceived in proteome profiling schemes can

be avoided. Profiling schemes such as microfluidics-based iso-

electric focusing system, or microdialysis of proteins have suc-

cessfully emerged to deliver potential improvements needed in

this area (Jayaraman, 2002). For instance, microfluidics has been

successfully applied for protein/peptide separation using chro-

matographic and/or electrokinetic-based principles (Veenstra and

Yates, 2006). Successful separation of yeast cell protein lysate

has been demonstrated by using multi-dimensional system

(Veenstra and Yates, 2006). While microfluidics is capable of

dealing with minute sample amounts, it would be unrealistic to

expect that certain problems encountered for un-miniaturized

setups will be resolved with microfluidics (Veenstra and Yates,

2006). Issues such as co-migration or co-elution of proteins will

still need to be resolved. Since most of the issues faced depend

upon the intrinsic nature of the proteins and not the analytical

tool itself, such factors need to be resolved at the separation

level.

As large volume and high dimensional data are being gener-

ated by the rapidly expanding use of mass spectrometric tech-

nologies, the number of reported applications of proteomic pat-

tern recognition algorithms is expected to increase. However,

with increasing demand comes the need for further improve-

ments that can make implementation of these algorithms for high

dimensional LC-MS data analysis more efficient. Key improve-

ments include: (i) careful study design to minimize the effect of

factors that may introduce bias to the data; (ii) enhanced com-
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putational power to handle the high dimensionality and large

volume data; (iii) improved high-throughput technologies with

less background noise and technical variability; (iv) enhanced

quality control and protocol development/implementation; (v)

improved data preprocessing methods to minimize the impact

of background noise, sample degradation, and variability in

sample preparation and instrument settings (v) improved visu-

alization tools to assess data quality and interpret results; (vi)

adequate data storage and retrieval systems; (vii) advances in

statistical and machine learning methods to enhance their speed

and make them more accessible to the user.

Careful study design is needed to make sure that a protocol is

in place that enables appropriate randomization and replication

to avoid bias in sample collection and sample preparation (Zhang

and Chan, 2005). Zhang (Zhang, 2005) noted that systematic

biases from pre-analytical variability, which are attributed to

samples could be collected under different protocols for differ-

ent purposes, and analytical variability caused by sample prepa-

ration methods are often specific to institutions (sites). Hence,

the use of specimens from multiple institutions combined with

sound study is suggested as a means to address such biases. It is

also indicated that the typical way of pooling multiple data sets

together, followed by randomly dividing them into training and

testing sets may still turn out to be overly optimistic with results

unsustainable in actual “field use.” With the large number of

simultaneously measured variables, it is possible for a complex

multivariate model to pick up from a pooled dataset the differ-

ent types of systematic biases that existed in the original indi-

vidual data sets. Hence, unless the number of sites is large and

diverse enough to form a true representative sample of the tar-

get population, the “mix-and-split” use of multi-site samples is

not recommended. An alternative and more conservative ap-

proach is to conduct independent discovery sessions using the

data sets separately, followed by inter-institution validation.
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