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Abstract Proteomic technologies have matured to a level

enabling accurate and reproducible quantitation of peptides

and proteins from complex biological matrices. Analysis of

samples as diverse as assembled protein complexes, whole

cell lysates or sub-cellular proteomes from cell cultures,

and direct analysis of animal and human tissues and fluids

demonstrate the incredible versatility of the fundamental

nature of the technique that forms the basis of most pro-

teomic applications today (mass spectrometry). Determin-

ing the mass of biomolecules and their fragments or related

products with high accuracy can convey a highly specific

assay for detection and identification. Importantly, ion

currents representative of these specifically identified ana-

lytes can be accurately quantified with the correct appli-

cation of smart isobaric tagging chemistries, heavy and

light isotopically derivatised samples or standards, or by

careful application of workflows to compare unlabelled

samples in so-called ‘label-free’ and targeted selected

reaction monitoring experiments. In terms of exploring

biology, a myriad of protein changes and modifications are

being increasingly probed and quantified, including diverse

chemical changes from relatively decisive modifications

such as protein splicing and truncation, to more transient

dynamic modifications such as phosphorylation, acetyla-

tion and ubiquitination. Proteomic workflows can be

complex beasts and several key considerations to ensure

effective applications have been outlined in the recent

literature. The past year has witnessed the publication of

several excellent reviews that thoroughly describe the

fundamental principles underlying the state of the art. This

review further elaborates on specific critical issues intro-

duced by these publications and raises other important

unaddressed considerations and new developments that

directly impact on the effectiveness of proteomic technol-

ogies, in particular for, but not necessarily exclusive to

peptide-centric experiments. These factors are discussed

both in terms of qualitative analyses, including dynamic

range and sampling issues, and developments to improve

the translation of peptide fragmentation data into peptide

and protein identities, as well as quantitative analyses,

including data normalisation and the utility of ontology or

functional annotation, the effects of modified peptides, and

considered experimental design to facilitate the use of

robust statistical methods.

Keywords Proteomics � Peptide-centric � Mass

spectrometry � Quantitation � Data analysis

Introduction

Several excellent manuscripts have recently described the

extraordinary biological analyses enabled by considered

application of the maturing proteomic technologies,

including quantitation of protein–protein interactions and

protein complex components and modifications (Gavin

2010; Przbylski 2010; Wepf 2009), direct quantitation of

biomarkers for disease in human fluids (Dayon 2008; Glen

2010), quantitation of protein signalling responses between

different interacting cell types (Jorgensen 2009), and more

recently quantitation of proteins exchanged between dif-

ferent organisms (Rechavi 2010). The technology and
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applications are now maturing to the extent that compre-

hensive characterisation of the human proteome is being

considered (Nilsson 2010). The recent achievements have

been made possible by smart application of mass spec-

trometry in an arguably non-intuitive fashion. Ideally, the

direct mass analysis of an exact molecule of interest,

usually proteins in proteomic studies, would be expected to

be most relevant and accurate. However, using the more

common mass spectrometry platforms today—time-of-

flight (TOF), triple quadrupole (QQQ), and ion trap (IT)

instruments—the sensitivity of analysis, and to a lesser

degree the accuracy of analysis, decreases exponentially

with increasing mass; it is not uncommon to require

picomole quantities of material for direct experiments on

intact proteins (van Duijn 2010). This compromises our

present ability to comprehensively analyse and quantify

intact proteins directly from biological matrices. In con-

trast, current technology can very sensitively analyse

smaller molecules, for instance routine detection of low

attomole quantities of peptides with high accuracy can be

easily achieved (routine part-per-million now verging on

part-per-billion mass accuracy; Cox 2008). Hence, most

mass spectrometry-based proteomic strategies are ‘bottom-

up’ in the sense that peptide sets are analysed that are

derived from the parent intact proteins by incubation with

selected proteases, as opposed to the ‘top-down’ approach

of directly analysing the masses of the intact proteins

themselves. The ‘bottom-up’ proteomics approach is

therefore peptide-centric, in that peptides are analysed as

proxies for their parent proteins and the protein-level

interpretation is inferred from the peptide-level results. The

most advanced applications of mass spectrometry in pro-

teomics to date employ peptide-centric strategies to quan-

tify peptides and infer quantitative information relating to

the originating parent protein(s). The approach is particu-

larly applicable for the identification, site localisation, and

quantitation of chemical changes to proteins including post-

translational modifications (PTMs), since the mass differ-

ence due to incorporation of the more common smaller

modifications, such as methylation, acetylation and phos-

phorylation, is more easily discriminated against the peptide

mass than the intact protein mass. Furthermore, fragmen-

tation data can be obtained more completely and with far

higher sensitivity at the peptide level than the protein level,

enabling confident sequencing of the modified peptide and

often localisation of the precise site of modification. The

resulting PTM identification and localisation information

from these experiments can then be coupled with quanti-

tation of the ion current to determine changes in abundance

of the precise modification(s) between samples.

The general strengths and weaknesses of peptide-centric

approaches for mass spectrometry-based protein analysis

have been recently well described by Duncan (2010). Key

weaknesses presented include the disconnection of ana-

lytical information from the intact protein level, loss of the

combinatorial relationships of modifications, and incon-

sistency with the reproducibility and predictability of the

peptides generated from protein digestion, and the reader is

directed to this manuscript for further detail. Similarly,

three frequently applied proteomic strategies for peptide-

centric analyses (shotgun/discovery proteomics, directed

mass spectrometry, and targeted proteomics) have also

been recently described (Domon 2010). These strategies

are increasingly focussed in their application and are thus

suited to specific purposes, from lower-throughput

hypothesis-generating discovery screens through to higher-

throughput, highly specific hypothesis-driven monitoring

of selected biological products or markers. The reader is

directed to this article for discussion of general consider-

ations regarding selectivity, limit of detection, dynamic

range, data density, and repeatability and reproducibility,

as well as technical points focussed around the function

and performance of selected mass spectrometry instru-

mentation for these applications. Since the above points

have been recently described elsewhere they will not be

further elaborated here and the reader is referred to the

above articles for further details. The present review will

instead build on the recent literature to present further key

challenges in terms of both the qualitative and the quan-

titative aspects of proteomic analyses.

Key challenges in qualitative proteomic analyses

Peptide-centric proteomic analysis is reliant on identifica-

tion of peptides from the tandem mass spectrometry peptide

fragmentation spectra. Despite the wealth of biological

information generated from the experiments, the mass

spectral data acquired is often not comprehensively repre-

sentative of all peptides and proteins present in the sample,

and further, the majority of acquired data remains uninter-

preted. In a backhanded sense this compliments the utility

of the technology, but clearly more efficient and effective

acquisition and use of the data would yield greater scientific

rewards. Two significant challenges that contribute to these

issues are the challenge of generating sufficiently high-

quality fragmentation spectra that comprehensively repre-

sent the protein population analysed, and the challenge of

translating the fragmentation mass spectra obtained into

biological observations. Neither of these challenges can be

distilled to a single root issue to resolve, but some key

factors can be addressed. These factors include sample

crowding effects and dynamic range of protein abundance

issues, and the translation of fragmentation spectra into

peptide and protein information, which are discussed in the

following sections.
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Sample ‘crowding’ and dynamic range of protein

abundance issues

Most mass spectrometry applications in proteomics employ

online elution of peptides for real-time pre- and post-

fragmentation mass analysis in the mass spectrometer. In

this style of experiment, the instrument duty cycle—the

rate at which the instrument can analyse peptides—

becomes a limiting factor. This is especially so for analyses

of complex biological matrices where proteolytic digestion

can yield hundreds of thousands of peptides resulting in

‘crowded’ samples for real-time on-the-fly analysis.

‘Crowding’ of samples can have two significant effects:

there can be too many peptides eluting within the duty

cycle timeframe for the mass spectrometer to effectively

analyse leading to under sampling and stochastic sampling

effects, as illustrated by Liu (2004) in the replicate analysis

of the yeast proteome and further described in detail by

Duncan (2010); and co-elution of peptides of near-isobaric

masses can result in the mass spectrometer acquiring

fragmentation spectra of mixed precursor peptides that are

difficult to interpret confidently. Introducing chemical

modifications or isotopes can further exacerbate the

‘crowding’ effect, for instance SILAC quantitative exper-

iments can effectively double or triple the number of

peptide ions compared to a non-SILAC analysis of the

same sample type. An additional issue is the large dynamic

range of abundances of proteins, particularly observed in

the more complex biological samples and often exempli-

fied by the analysis of serum (Anderson 2002). Since the

acquisition of fragmentation spectra is commonly priori-

tised towards the more intense peptide ions, the results are

biased towards the more abundant proteins causing pref-

erential under sampling of the least abundant components.

The net effect of the ‘crowding’ and dynamic range issues

is incomplete representation of peptides and proteins,

especially in more complex samples, and a concomitant

variation in the repeatability and reproducibility of the

experiments due to stochastic sampling. Solutions that at

least partly address these issues include: prior fractionation

of samples, for instance by multi-dimensional chromatog-

raphy (Washburn 2001), SDS-PAGE separation (Schirle

2003) or application of selected affinity techniques (phos-

phorylation, ubiquitination enrichment or immunoprecipi-

tation of target analytes) to reduce sample complexity to

more manageable levels; immunodepletion of abundant

proteins (Pieper 2003) to partly address issues with the

dynamic range of protein abundance and allow sampling of

less abundant components that may be otherwise missed;

and directed use of the mass spectrometer to acquire data

for (inclusion list), or avoid (exclusion list) specific peptide

ions (Scherl 2004; Zerck 2009). Further improvements to

mass spectrometry instrumentation also continue to address

these issues. For example, only a few years previously

typical duty cycle rates were in the order of 3–4 frag-

mentation spectra per second. More recent instruments

operate routinely at 6–8 fragmentation spectra per second,

and newer systems claim over 50 fragmentation spectra per

second. Further, the improvement in ion transmission and

packaging in recent mass spectrometry platforms increases

the sensitivity of analyses. Technological advances of this

kind should improve the quality of mass spectral data and

greatly alleviate the ‘crowding’ issue, and to a lesser extent

the dynamic range of abundance issue, which should

improve the depth of proteomic coverage, and repeatability

and reproducibility of analyses. Indeed, the focus for

improving the efficiency and effective use of mass spec-

trometry in proteomics may be shifting away from physical

sampling issues and towards downstream informatics. This

is evident in an inter-laboratory investigation reported by

Bell (2009) to assess the reproducibility of proteomic

analysis using a relatively simple mixture of 20 proteins

designed to test analysis of ‘crowded’ samples. In this

assessment, although only one out of 27 laboratories cor-

rectly and comprehensively identified a set of specific

analytes, inspection of the raw datasets revealed that most

laboratories did detect the targets but failed to report them.

This highlighted informatics data processing and reporting

also as a significant barrier to analytical completeness, in

addition to instrument limitations.

Improving the translation of peptide fragmentation

mass spectra into peptide identities

In typical peptide-centric experiments, the mass spectra are

assigned to specific peptide sequences using probabilistic,

stochastic or descriptive model-based algorithms, such as

in the Sequest (Eng 1994), Mascot (Perkins 1999), Phenyx

(Colinge 2003) and X-Tandem! (Craig 2004) search

engines recently compared by Dagda (2010). The assigned

peptide subsets are grouped under protein identities for

which the peptide sets are most conceivably derived from

the given experimental conditions. Duncan (2010) thor-

oughly described critical assumptions that affect the out-

come and effectiveness of this process. One of the key

considerations is that the fragmentation mass spectra are

not interpreted by the algorithms, but are instead assigned

an identity by pattern matching of the fragment ions against

in silico-derived theoretical fragmentation patterns of

peptide sequences. The theoretical patterns are calculated

based on the experimental conditions applied to a pre-

programmed protein set or database, such as the human

proteome. These conditions are often expected to generate

a specific character of peptide, for instance tryptic diges-

tion generates peptide produced by cleavage of the protein

sequence C-terminal to lysine and arginine residues, and
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alkylation of cysteine residues introduces a specific mass

adduct at this amino acid. The data interrogation strategy is

therefore essentially hypothesis-driven, even though the

proteomic experiment itself may not be, and it is assumed

that the protein database and modification set used suitably

represent the sequences and modifications present in the

sample. However, this is rarely the case, and incomplete-

ness of the database used, the presence of errors, discrep-

ancies or variability in the sequences, and presence of

unanticipated proteins and modifications in the biological

sample analysed contribute to a failure to comprehensively

interpret the mass spectra dataset. The mass spectral

data are therefore under-utilised and the extent of both

qualitative and quantitative biological information recor-

ded in the experiments is under-represented in the final

interpretations.

Several alternative strategies to better interpret mass

spectral data have been emerging in recent years to attempt

less rigidly hypothesis-driven data interrogation, and to

sequence peptide fragmentation spectra without reference

to theoretical spectral patterns derived from protein

sequence databases. Consequently, these more discovery

type approaches seek to bypass the assumptions of protein

content, and modification, of samples inherent in the more

hypothesis-driven search strategies used by the more

common spectral analysis algorithms. Eliminating some, if

not all, of the assumptions in these essentially de novo

sequencing strategies may potentially improve the effective

application of the peptide-centric techniques, for example

in personalised medicine applications where genomes and

proteomes of individuals can incorporate unpredictable

variations that are unaccounted for in existing protein

databases.

While de novo tools are not new, their effectiveness at

interpreting mass spectra presently falls short for routine

proteomics applications (Kim 2009a; Chi 2010). However,

their utility is markedly improving, for example the recent

demonstration of challenging de novo sequencing of anti-

bodies by combining spectral alignments from multi-

enzyme digests into spectral contigs and ultimately protein

contigs, using a similar strategy to the assembly of DNA

fragments for sequencing (Bandeira 2008). Other new in-

formatic approaches include the recent spectral network for

identification of mass-shifted spectral pairs (Bandeira

2007), spectral dictionary construction of a spectral library

of possible de novo sequence (and modification) solutions

to mass spectral data (Kim 2009b) and development of the

new Vonode algorithm to derive ‘consensus sequence tags’

to match and score de novo mass spectra data against

(Pan 2010). Tools of these kinds may not only improve

the sequence assignment of spectra, in general, but may

also more precisely locate sites of modifications, which

are poorly determined by commonly used database

interrogation algorithms and must frequently be validated

by manual inspection of the tandem mass spectra. Further

developments include improving the extent of correct de

novo sequence assignments by analysing high resolution

data obtained using different fragmentation modes (Chi

2010), as well as the development of approaches to predict

features of peptide fragmentation spectra, such as relative

intensities of fragment ions, to improve spectral matching

and scoring (Frank 2009a, b). Maximising the use of higher

resolution and higher mass accuracy data, and building in

predictive features into mass spectral interpretation, would

benefit both the current database-search strategies as well

as the developing de novo sequencing strategies. However,

continuing to develop all the above aspects of informatics

processing of mass spectral data is essential to maximise

the accuracy and depth of information obtained from the

interpretation of increasingly higher-throughput analyses of

chemically dynamic proteomes.

Deriving protein identifications from peptide-centric

data: problems with protein inference and unanticipated

variation in protein sequence and modification

Peptide-centric experiments suffer from an inherent dis-

connection of the protein level information from the pep-

tides analysed. This manifests as a protein inference

problem (Nesvizhskii 2005) exemplified by the observation

that some peptide sequences may be present in several

different proteins, and therefore the qualitative and quan-

titative interpretations based on these sequences are not

unambiguously representative for a specific gene product.

The problem not only complicates analysis of proteins with

homologous domains but can also extend more subtly to

functional interpretations of single gene products for which

peptide sequences may be actually unique. For example, in

whole cell lysates, peptides uniquely representative of a

single gene product may be a combined pool of peptides

from differentially translocated and/or modified forms of

the protein that may be undertaking different functions.

Consequently, this may impact on the biological interpre-

tation of the data. Conceptually, the problem would be

resolved by analysing unique discriminants for each pro-

tein residing in specific locations or in specific modification

states, but clearly this cannot be easily achieved.

The use of ‘proteotypic peptides’ is an important first

step towards achieving the analysis of unique protein dis-

criminants. The term ‘proteotypic peptide’ refers to the

relatively few but preferentially detected peptides in the

pool of peptides generated from proteolytic digestion of

each analyte protein in a sample (Mallick 2007). The

preferential detection is related to the individual physico-

chemical properties of each peptide produced by proteol-

ysis. Identification of the key properties that contribute to a
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peptide’s observability during mass spectrometry-based

proteomic experiments can be used to predict the subset of

proteotypic peptides in a known protein sample, and

unsurprisingly peptide charge properties have been used to

this effect. Several recent publications further describe new

methods to improve upon the prediction and utility of

proteotypic peptides. Support vector machine models

(Webb-Robertson 2010b) and Random forest classifiers

(Fusaro 2009) have both been applied to identify proteo-

typic peptide characteristics. Recurring themes reported

include the recognition of increased positive charge peptide

characteristics as an indicator for proteotypic peptides, and

conversely identification of cysteine as a classifier for ‘non-

proteotypic’ peptides. Information of this kind can then be

further used to improve the efficiency and accuracy of

peptide identification from fragmentation spectra by data

interrogation against databases distilled to primarily con-

tain theoretical or predicted proteotypic peptide sequences

(Webb-Robertson 2010a).

Proteotypic peptides are potentially very valuable dis-

criminants for specific proteins as long as they are also

unique ‘signature’ peptides for their gene products. How-

ever, the possibility of modifications occurring within the

proteotypic peptide sequences must be considered as this

can impact particularly on the utility of these sequences for

quantifying the parent protein. Ideally, proteotypic peptides

should not be modified, either in vivo or during sample

preparation, and the assumed non-influence of modifica-

tions on the use of proteotypic peptides will become more

certain as our depth of knowledge of particularly in vivo

modifications increases. Also, these peptides alone do not

necessarily discriminate the functional or spatial informa-

tion of the gene product, and it is unclear whether prote-

otypic peptides can be identified or generated that will

specifically do so. Importantly, it should also be noted that

specific analysis of proteotypic peptides necessarily only

analyses a fraction of each full protein sequence in ques-

tion, for instance in selected reaction monitoring (SRM)

experiments. This strategy therefore precludes compre-

hensive proteomic analysis since many dynamic modifi-

cations occurring in non-proteotypic sequences will not be

monitored. However, the strategy does provide a baseline

representation of the gene product population essential for

quantitative experiments.

Other approaches to address aspects of the protein

inference problem include an elegant informatic approach

to more confidently infer protein interpretations of the

peptide data by considering genetic models relevant to the

sample analysed (Qeli 2010), and a Bayesian approach

to improve upon the commonly used ProteinProphet

algorithm (Nesvizhskii 2003) to return a higher true-

positive and lower false-positive protein identifications

(Li 2009). Although such informatic approaches may improve

the data interpretation, they cannot entirely resolve the

ambiguous origin of some peptides in peptide-centric

experiments. However, appropriate experimental design,

for instance using sample fractionation to specifically focus

the analyses on cellular locations, e.g., vesicles, nuclei,

mitochondria, the plasma membrane, etc., or enrichment

for specific modification subsets, e.g., phosphorylation or

ubiquitination, can also reduce some of the complications

of protein inference and enable more relevant and con-

textually focussed interpretation of the peptide mass

spectral data.

Focussing the experiments from the outset also has utility

in enabling a more thorough informatic assessment of the

consequently focussed data using the currently more com-

mon database interrogation search strategies. For instance,

in typical experiments to elucidate protein interaction

partners, analysis of the affinity-purified target protein

together with putative interaction partner co-eluents pro-

vides a much simpler, and focussed, dataset to interpret,

which can be interrogated more effectively than say a

dataset representing an entire cell lysate. For example, error

tolerant searches of key proteins can be used to probe for

unexpected modifications and amino acid substitutions/

database errors by including a myriad of potential modifi-

cations as variables in the search parameters, for example

the unimod list of modifications referred to by the Mascot

search engine. This strategy can identify unanticipated

modifications in the samples, including true biological

modifications, and also accounting for amino acid muta-

tions or polymorphisms, protein sequence truncations and

unexpected cleavages during sample proteolysis. Although

increasing the number of sequence and modification com-

binations and permutations under consideration also

increases the number of false-positive identifications and

assignments returned; this effect should become reduced

with the higher resolution and higher accuracy mass spec-

tral data promised by the latest developments in instru-

mentation. Further, the strategy is not easily applied to large

datasets or high numbers of proteins selected for error

tolerant searching, because of the high level of computa-

tional power needed to compute and probe for the myr-

iad of modification combinations. Clearly, the approach

becomes freely applicable as increasing computational power

becomes generally available. However, de novo search

strategies may be able to more efficiently achieve similar, or

potentially more accurate, results as the methods mature.

Key challenges in quantitative analyses

The general approaches in quantitative interpretation of

proteomics data and the software tools available have

been recently comprehensively reviewed by Mueller (2008).
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The strengths and weaknesses of label-free quantitative

approaches such as spectral counting or direct comparison

of ion current measurements, as well as the differential

stable isotope labelling approaches including isobaric tag-

ging, SILAC, ICAT and heavy oxygen incorporation are

well described and will not be further discussed here. This

section of the review will instead discuss some additional

specific aspects pertinent to discovery style quantitative

experiments, in particular SILAC (Ong 2002) and isobaric

tagging strategies (Thompson 2003; Ross 2004), although

some considerations are also relevant to targeted analytical

approaches as well.

In SILAC and isobaric tagging quantitative experiments,

samples are differentially labelled in groups, frequently in

pairs of condition versus control. For example, SILAC

heavy versus SILAC light isotopic labels, or isobaric tag-

ging with paired or grouped tagging arrangements. Ion

currents derived from peptides from the sample states are

then compared to determine relative changes, and the

peptide results grouped and collated to infer changes to the

proteins to which each peptide set is attributed. However,

variations exist in the data processing methods used. This

can include calculating intensity (abundance) ratios for

individual peptides to be grouped under a protein identifi-

cation followed by calculating a mean, median or weighted

average ratio from the peptide set to infer quantitative

change, or summing the intensity values for individual

peptides similarly grouped under a protein identification to

infer a quantitative protein measure followed by calculat-

ing the ratio of change at the protein level. Sample nor-

malisation methods can also vary, and are frequently

performed by calculating global correction factors using

the global mean, median or weighted average of the dataset

ratios. Differences in the effectiveness of these methods

have been reported, for instance calculating the quantita-

tive protein ratios based on the mean of the protein-

assigned peptide ratios can under-represent the magnitude

of the protein ratio. Calculation of a weighted average can

afford more accurate protein quantitation resulting from

decreasing the impact of lower quality measurements on

the protein quantitation calculation (Park 2008). Alterna-

tively, using the median of the peptide ratios may afford a

similarly improved result. It is important to note that there

is no consensus on a ‘correct’ or ‘best’ strategy to perform

the quantitative analysis, and the most appropriate

approach can be entirely dependent on the quantitative

technology used, experimental design and sample setup.

However, all these approaches are peptide-centric in nat-

ure, and several common factors come into play that can

affect the quantitative data interpretation. Key factors

include influences on sample normalisation, effects of

peptide modifications, and how data can be statistically

analysed, which are discussed, in turn, below.

Sample normalisation

Before data can be quantitatively interpreted, data are

usually normalised to account for differences due to load-

ing variations and other similar global effects. In SILAC

and isobaric tagging experiments, this is frequently per-

formed by calculating the global mean or median ratio of

change in log space for an entire peptide dataset. The

deviation of the ratio from unity (log space zero) represents

a normalisation factor to re-align the data and correct

for any global offset. In other types of quantitative

experiments, for instance label-free approaches directly

comparing raw ion currents, a similarly effective global

normalisation can be derived from the ratio of the total ion

current (TIC) of acquisition runs, or from summation of

intensities from specific peptide sets, between the samples

for relative comparison. In all these cases, application of a

global normalisation parameter assumes any protein

changes between samples do not markedly affect the global

mean/median log ratio or TIC ratio. This does not neces-

sarily hold true. For example, if an entire sub-proteome has

altered in response to a condition, the shift in log ratios or

TIC may skew the normalisation factor applied to the

samples. This is experiment dependent, and may be due to

real biological responses or artefacts of preparation.

Indeed, effective enrichment of sub-proteomes has been

used to identify proteins segregating with different organ-

elles (reviewed in Walther and Mann 2010). If the

enrichment is unanticipated, this can result in the applica-

tion of a misleading normalising factor and subsequently

biased quantitation. We have observed such an effect

previously in experiments quantifying protein changes in

membrane rafts (Fig. 1). In some of these datasets, mito-

chondrial and cytoskeletal-associated sub-proteomes were

differentially represented in the samples. These sub-pro-

teomes constituted a high enough proportion of the entire

peptide dataset to introduce a 20 % skew in the global

dataset ratio in some cases if included for normalisation.

Identification of the differential representation of the sub-

proteomes by ontological annotation of the peptide data

enabled a more appropriate normalisation of the datasets by

excluding these sub-proteomes from the calculation of a

normalisation factor, which was therefore based on the

remaining proteins that constituted a largely unchang-

ing baseline protein subset. In general, the analysis of

sub-fractionated samples would be expected to be most

susceptible to these effects, since translocation and/or

recruitment of vesicles and other cellular compartments

may be differentiated between samples. However, it is also

possible that this effect may be observed in the comparison

of whole cell lysates, for instance if morphological dif-

ferences are observed between samples there may exist

sufficient differences in the expression of abundant
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proteins, such as cytoskeletal elements, that a blanket

global normalisation approach may also become biased.

Analysis of samples at different phases of the cell cycle

may similarly be affected. A possible solution to address

this issue is to annotate the quantitative data with func-

tional and/or spatial biological information, and to compare

the quantitative ratios of these annotated data subsets to

identify potential influences. This may enable the identifi-

cation of an ‘unchanging’ baseline protein population for

the purposes of sample normalisation.

The normalisation issues discussed thus far concern

variations integral to the samples being analysed. Extra-

neous variations also affect normalisation processes,

especially with regard to inter-run quantitative compari-

sons. Multiplex-style experiments have an advantage in

that peptides to be relatively quantified can be combined

together in a single LC–MS/MS acquisition, which can

reduce, or even eliminate, issues with inter-run variation.

However, inter-run variation can be particularly problem-

atic for label-free quantitative mass spectrometry strate-

gies, which by their nature require the comparison of data

acquired in discrete LC–MS/MS runs. Inter-run variations

can include systematic biases inducing global drifts in

data quality, as well as non-systematic variations such as

sporadic appearance of contaminants between runs. Nor-

malising data affected by these different biases and varia-

tions require further solutions. Kultima (2009) rigorously

investigated ten different normalisation methods for label-

free peptide quantitation and concluded that a novel pro-

cedure (RegrRun), combining linear regression with further

normalisation to account for a bias observed for the ana-

lytical sample run order, produced the most precise results.

This was in addition to pre-filtering data to only analyse

MS peaks matched across at least 50 % of the data set,
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Fig. 1 Demonstration of shifts in sub-proteomes within a quantita-

tive dataset. In this example of iTRAQ quantitation of membrane raft

samples, mitochondrial and cytoskeletal-associated proteins were

observed to occasionally exhibit markedly different behaviours

relative to the remaining (bulk) population of proteins. Proteins were

annotated using information from the Swiss-Prot database. a Plot of

reporter ion intensities (R1 and R2) for a sample not displaying

significant sub-proteome shifts. b Histogram plot of the frequency of

peptides with log intensity ratio (R1/R2) values in 0.04 width bins.

Data are shown before normalisation against the global dataset ratio

median. Normalised data should centre on 0.00 (unity ratio).

c Reporter ion intensity plot for a sample displaying sub-proteome

shifts. d Histogram plot of the data exhibiting shifts in sub-proteomes.

Cytoskeletal and associated and mitochondrial proteomes are clearly

right-shifted compared to the global dataset, indicating much higher

abundance of these proteins in sample R1 compared to sample R2.

Colours represent data attributed to cytoskeletal and associated

proteins (green), mitochondrial proteins (red), or all other categories

(blue)
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which would be expected to account for interference from

sporadic contaminants. Similarly, Callister (2006) only

analysed peptides common to all LC–MS runs in a critical

assessment of four different normalisation approaches,

concluding that linear regression was most effective at

reducing systematic bias in their data. Other sources of

variation can arise from the nature of the quantitative

measures themselves. For instance, the considerable dif-

ferences observed in the intensity of different peptide ion

currents, which is largely dependent on the physico-

chemical properties of the peptides themselves, result in

widely varying heterogeneity of quantitative variance for

different peptides detected within the same experiment.

This subsequently and adversely affects the precision of

protein quantitation. Clearly, lower intensity signals suffer

the most variance, and thresholds have been applied to

filter out high variance signals that may adversely affect

quantitative calculations (Thompson 2009). More recently,

Karp et al. (2010) applied a variance stabilising normali-

sation (VSN) method to improve the precision of the

quantitative peptide measurements and to avoid imposing

ad hoc filtering rules. The VSN approach presents a sig-

nificant advance in quantitative methods as it aims to

maximally retain data for analysis by stabilising the vari-

ance over a wide range of signal intensities. Importantly,

the authors of these publications stress the need to further

improve upon current normalisation techniques, which

should be more effectively achieved as the sources of

experimental variation are identified and their influences

are accounted for. An important step towards this is the

recent publication of 46 metrics recommended to assess the

performance of LC–MS platforms (Rudnick 2010). These

metrics functionally monitor liquid chromatography, mass

spectrometry (both ionisation and software-controlled

dynamic sampling) and informatic data analysis. The fur-

ther development and use of comprehensive metrics of this

kind should identify significant sources of variation to be

subsequently controlled. Mass spectrometry-based quanti-

tative proteomics applications are clearly powerful, but if

they are to fulfil a potential for routine general use, such as

in robust clinical diagnostic and prognostic assays, identi-

fying and addressing the sources of variation, including

further improving data normalisation, will be required.

Peptide modifications

A critical assumption in the peptide-centric approach is that

the relative changes calculated for each peptide is repre-

sentative of change in the relative abundance of the parent

protein. However, this may not always be the case, espe-

cially when considering that peptide levels may quantify

differently if a modification has changed between the

sample states, irrespective of the parent protein abundance

has changed or not. Peptide modifications may be true

biological changes such as in phosphorylation sites, or may

be artifactually introduced during sample processing, such

as by deliberate alkylation of cysteine residues or by

undesired, but often tolerated, oxidation of methionine.

Modifications like these not only increase sample com-

plexity by diluting peptide sequences across differentially

modified isoforms but can also affect quantitative accuracy

if the extent of the peptide modifications varies between

sample preparations. This can occur despite parallel prep-

aration of samples for quantitation using identically

sourced reagents, which may have been expected to

maintain consistency in the reactions and processing of the

samples. For example, we have observed differential oxi-

dation of methionine in the parallel processing of simple

standard protein mixtures used to assess quantitation by

iTRAQ (Fig. 2). In this experiment, principle component

analysis for selected variables highlighted methionine-

containing peptides as exhibiting a distinct behaviour,

which was subsequently identified as a difference in the

extent of methionine oxidation and was observable as a

significantly lower quantitative ratio of 2.45 for the

Fig. 2 Demonstration of distinct differential quantitation of modi-

fied peptides. In this example, analysis of transferrin protein in a test

iTRAQ 4-plex experiment, the subset of methionine-containing

peptides quantified with a significantly lower ratio compared to the

greater non-methionine-containing subset of peptides (p \ 0.001).

The expected protein ratio for this experiment was 3.3
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methionine oxide peptide subset compared to a ratio of 3.2

for all non-methionine-containing peptides. Therefore,

inclusion of the methionine peptide data to calculate the

protein ratio resulted in an under-representation of the true

protein difference. If this effect can be observed for

methionine oxidation, similar effects could be expected to

also occur for other common side-reactions such as pyro-

glutamisation of peptide N-terminal glutamine, deamida-

tion of asparagine/glutamine, as well as the digestion

process itself including retarded cleavage at lysine/arginine

when adjacent to aspartic acid/glutamic acid. While this in

no way implies that peptide-centric quantitation is faulty, it

does suggest that further checks on the integrity of the data

before quantitative interpretation, such as by principle

component analysis to investigate the behaviour of pep-

tides incorporating amino acids susceptible to modification,

may help improve the quality and accuracy of the results.

Importantly, such approaches may also identify true,

though unanticipated, biological modifications by identi-

fying peptide sequences that exhibit a different quantitative

behaviour to other peptides attributed to the same protein

precursor.

‘Missing data’ and statistical analysis

Robust statistical analysis of SILAC and iTRAQ quanti-

tative strategies can suffer from a ‘missing data’ problem.

This arises because replicate sample analyses are required

to generate sufficient datasets for robust statistical assess-

ments by t test or ANOVA since the multiplexing capa-

bilities of the experiments are low—SILAC experiments

are commonly employed in a 2-plex (heavy versus light) or

3-plex (heavy vs. medium vs. light) internal experiment

arrangement, and isobaric tags were originally released as a

4-plex labelling set. As discussed previously, proteomic

experiments, particularly of the more complex biological

matrices, exhibit stochastic sampling effects. As a result,

replicate runs of samples do not detect identical peptide

sets, and proteins identified based on fewer peptides also

may not be reproducibly detected, so the replicate experi-

ments therefore suffer from ‘missing data’ that undermines

application of statistical tests such as ANOVA. Recently,

Webb-Robertson (2010a) sought to address this issue by

combining a G test filter with the ANOVA calculation, and

in earlier work, Oberg (2008) suggested the use of iterative

regression to facilitate the application of ANOVA. How-

ever, the release of 6-plex and 8-plex isobaric tagging

reagents enables another significant but simpler solution to

the issue. The higher multiplexing capability allows at least

three replicates of two sample states to be internally ana-

lysed in an experiment. The impact of this is threefold, as

reported recently (Engmann 2010). First, since the same

peptide data are acquired for all the isobaric tagged

samples, quantitation is based on the observation of the

same peptides for all the samples to be compared, avoiding

inter-run technical variance and also eliminating the

‘missing data’ problem caused by stochastic sampling

issues. Secondly, since measurements of the same peptides

are recorded for all the samples, quantitative intensity

measurements can be summed to represent a quantitative

protein value to be directly and statistically compared

between the samples. In the more usual experiments at

present, stochastic sampling can complicate the summing

approach since different peptides ionise with different

efficiencies, and therefore quantitative results should be

carefully considered if calculated based on different pep-

tide sets observed for the same protein between indepen-

dent acquisitions. Thirdly, since at least a three versus three

sample tagging arrangement can be incorporated, statistical

tests such as t test and ANOVA can be used in a

straightforward manner to determine both the variance

within each triplicate set as well as the significance of

changes between the triplicate sets. Again, this is made

possible since the measurements are made for the same

peptides in all the samples in a single acquisition run.

These factors have been described in relation to a simple

2-way sample comparison. In the event that the analysis of

more than two sample types in an experiment is desired,

therefore necessitating independent acquisition runs, three

channels in each experiment can be reserved for a common

control. This type of experimental setup enables as many

samples to be compared and analysed by robust statistical

tests that assess both the internal variance of each sample

type as well as the significance of differences between

samples, via the internal common control, and limited only

by the capacity of the instrument platform to perform the

multiple independent acquisitions required. In essence, the

higher multiplexing capacities for the more recently

available isobaric tags enable statistically robust quantita-

tion based on a consistent dataset, avoiding issues related

to both stochastic sampling and circumventing the essen-

tially arbitrary pairing of samples commonly used to cal-

culate peptide and protein ratios in typical quantitative

experiments.

Conclusions

Proteomic technologies are maturing to an extent to enable

accurate quantitation of both proteins and modifications

from complex biological matrices. Routine applications

uncover a wealth of qualitative and quantitative biological

information, but despite this the remarkable results could

be potentially much more informative. The multidisci-

plinary nature of applied proteomics unsurprisingly

necessitates multidisciplinary solutions: physical advances
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in instrumentation enable complex biological matrices to

be more comprehensively sampled; the development of

new informatic algorithms promise to more comprehen-

sively translate mass spectra into biological information;

and smart chemistry advances enable robust experimental

design for confident quantitative analyses. Continuing

these developments, and others, to improve upon the

already impressive applications of proteomic technologies

can only increase the utility of especially the quantitative

aspects of the technique. Not only may whole proteome

characterisation soon be possible but personalised temporal

characterisation of individual proteomes may also be sub-

sequently enabled, to facilitate specific tailoring of medical

treatments.
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