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Next-generation proteomics:
towards an integrative view of
proteome dynamics
A. F. Maarten Altelaar1,2*, Javier Munoz1,2,3* and Albert J. R. Heck1,2

Abstract | Next-generation sequencing allows the analysis of genomes, including those
representing disease states. However, the causes of most disorders are multifactorial, and
systems-level approaches, including the analysis of proteomes, are required for a more
comprehensive understanding. The proteome is extremely multifaceted owing to splicing
and protein modifications, and this is further amplified by the interconnectivity of proteins
into complexes and signalling networks that are highly divergent in time and space.
Proteome analysis heavily relies on mass spectrometry (MS). MS‑based proteomics is
starting to mature and to deliver through a combination of developments in
instrumentation, sample preparation and computational analysis. Here we describe this
emerging next generation of proteomics and highlight recent applications.
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Cells are composed of a huge collection of molecules
of distinct nature that act coordinately through highly
intricate mechanisms, allowing processes such as selfreplication and adaptation to external perturbations to
occur. Understanding how cells function and communicate is one of the fundamental goals in molecular biology. The discovery that DNA contains all of the genetic
instructions that are necessary to create an organism
led to the principal dogma of molecular biology, which
described a unidirectional flow of information from
DNA to RNA to proteins1. Through recent findings, this
dogma has been challenged. Epigenetic marks, alternative splicing, non-coding RNAs (including microRNAs
(miRNAs)), protein–protein interaction (PPI) networks
and post-translational modifications (PTMs) represent
some key examples of how genotype and phenotype are
not uniquely directed by information that is present on
the genome2–5 (FIG. 1). The global analysis of proteins,
which are the key functional entities in the cell, arguably forms the principal level of information required to
understand how cells function; such analysis is referred
to as proteomics6. However, gathering information at
the proteome level has turned out to be challenging,
when comparing it to data collection at the genome and
transcriptome levels.
Global protein analysis poses a tough analytical
challenge, in part owing to the highly diverse physicochemical properties of amino acids, which are the

building blocks of proteins. Furthermore, compared to
the genome, the proteome is complemented by alternative splicing and diverse protein modifications and degradation, and the complexity is further amplified by the
interconnectivity of proteins into complexes and signalling networks that are highly divergent in time and space.
In recent years, proteomics technologies — particularly
mass spectrometry (MS)-based protein identification —
have matured immensely through cumulative technological advances in instrumentation, sample preparation
and computational analysis7 (BOX 1; FIG. 2). Whereas the
sequencing and identification of an individual protein
was a major challenge a decade ago, the identification
and quantification of nearly all expressed proteins is now
achievable in a single experiment. Likewise, 10 years ago,
barely a few hundred phosphosites could be identified
by MS‑based phosphoproteomics8, whereas now more
than 30,000 phosphosites can be quantitatively monitored9,10. Following these multiple advances, we refer to
this current technology as ‘next-generation proteomics’
to reflect this ability to characterize almost complete proteomes11–13; this mirrors the comprehensive coverage of
DNA and RNA species by next-generation nucleic-acidsequencing methods. This maturation of MS‑based
proteomics is starting to deliver answers to important
biological questions.
Here, we describe recent breakthroughs and strategies that have enabled next-generation proteomics to be
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Liquid chromatography
coupled to mass
spectrometry
(LC–MS). High-performance
liquid chromatography is
coupled to mass spectrometry
to separate the peptide mixture
in liquid phase on the basis of
hydrophobic interactions with
the C18 stationary phase of the
chromatography column (C18
refers to the length of the alkyl
chains that decorate the
chromatographic beads).

developed; we focus on MS‑based proteomics and highlight recent applications and the biological insights that
they have permitted. We start by addressing progress
in proteomics technologies, covering both advances in
mass spectrometry as well as sample handling (for
example, peptide separation and enrichment). Next, we
review applications in quantitative expression proteomics and how such data complement information gathered
at the gene and transcript levels. We then discuss the
diversity of PTMs and then follow this with a look at
PPI and signalling networks and how they dynamically
respond to perturbations. The need for computational
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Figure 1 | The diverse and dynamic mechanisms of proteome regulation provide a
Nature Reviews | Genetics
higher order of complexity to the human genome. The human genome contains
approximately 20,300 genes. The specific expression of a subset of the genome (~11,000
genes) determines the molecular backbone of the cellular phenotype (that is, the tissue
cell types). A much higher order of complexity is achieved by the intricate mechanisms
of protein regulation, including splicing variants, post-translational modifications
(PTMs), protein–protein interactions (PPIs) and subcellular localization. This creates
time-dependent tissue- and organelle-specific protein networks that respond differently
to perturbations (for example, ageing or drug treatment).

tools to organize and to mine all data will be addressed
separately (BOX 2). We end by discussing the clinical
applications of MS‑based proteomics and envisaging
future trends in the field.

Mass-spectrometry‑based proteomics
Methodology. Typically, the first step in any proteomics experiment (FIG. 2; BOX 1) is sample lysis and protein
extraction from the cells, tissues or bodily fluids followed by proteolysis into peptides. Depending on the
aim of the study, the samples can be pre-fractionated
(for example, using ion-exchange chromatography) or
specific subpopulations of peptides (for example, PTMs)
can be enriched by different means (for example, affinity resins and specific antibodies). These fractions are
then analysed one‑by‑one by reversed-phase liquid
chromatography coupled to mass spectrometry (LC–MS), in
which selected peptides are fragmented by tandem mass
spectrometry (MS/MS). MS and MS/MS spectra are then
used as inputs for database search engines to identify the
corresponding peptide sequences. Finally, the assigned
peptide sequences are assembled into proteins, and the
obtained data are statistically validated, often through
decoy search strategies in which the MS/MS spectra
are competitively matched against random databases
to estimate the rate of false positive identifications14–16.
Alternative approaches are being developed that alleviate the need for the availability of protein databases by
inferring the peptide sequences directly from obtained
MS/MS spectra17,18.
Label-free protein quantification. Popular quantitative
strategies use either label-free approaches or stable isotope labelling. Label-free quantification through spectral
counting and/or signal intensity of the detected peptides
seems to be the least cumbersome way to obtain quantitative information. It can provide robust and precise
relative protein expression information when done using
replicate measurements under stringent conditions with
minimal analysis variation19,20. Care has to be taken
with absolute copy number determinations of proteins
as, for instance, the choice of the protease at the start of
the experiment might greatly influence the outcome21.
Selected reaction monitoring (SRM) is an emerging quantification strategy that targets specific proteins of interest
and that is useful for validation of protein expression
changes22. SRM assays reach a high level of specificity
through the monitoring of the fairly unique combination of peptide mass-to-charge (m/z) ratio and multiple
diagnostic peptide fragment ions. Carrying out SRMtype quantification is more elaborate than conventional
label-free quantification because of the constraint that
detailed prior information is required about the behaviour of several peptides from every protein of interest,
throughout the entire LC–MS workflow (for example,
LC retention or MS/MS fragmentation). When this criterion has been fulfilled and a successful assay has been
constructed, accurate quantification can be achieved for
the selected proteins over a high dynamic range and
for a reasonable number of samples23,24. The precision of
SRM is determined by the ability to reduce the variation
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Box 1 | Advancements in MS‑based proteomics
To achieve high proteome identification and quantification coverage, implementation
of several steps in the workflow are required (FIG. 2), and recent technological and
methodological advancements have greatly increased the depth of proteome coverage
and sample throughput, as outlined below.
• A current trend in proteomics research is to target increasingly complex samples
from ever-smaller sample amounts. For example, this can be done when looking at
specific cell populations using fluorescence-activated cell sorting (FACS) or tissue
micro-dissection, which requires increased sensitivity, resolution and speed in liquid
chromatography coupled to mass spectrometry (LC–MS) analysis.
• Reduction of sample complexity is achieved by fractionation of the sample before
LC–MS using orthogonal technologies. Popular chromatographic methods include
ion-exchange chromatography and fractionation based on peptide isoelectric point.
More recent developments include the use of stationary phases, such as hydrophilic
interaction liquid chromatography (HILIC)147, which can be efficiently miniaturized to
obtain a high sensitivity148.
• Further reduction of complexity is achieved by reversed-phase chromatography
directly coupled to MS analysis. Chromatographic capacity and resolution have been
increased through the use of longer analytical columns and smaller particle sizes
(increasing surface area) in combination with longer gradients40. Current approaches
typically use C18 reversed-phase liquid chromatography under nanoflow and ultrahigh-pressure regimes.
• The resulting improved chromatography can then be exploited by advanced sensitive
and fast MS platforms. Here, an increase in sensitivity is obtained through improved
ion inlets and transfer optics and through accelerated sequencing speeds, up to
20 Hz, which are aimed at targeting all eluting peptides for tandem MS (MS/MS)149,150.
• Finally, the amount of information retrieved can be further increased by improving
identification efficiency151; this can be accomplished by using high mass resolution
and mass accuracy7 and using fragmentation technologies that are complementary to
ion-trap collision-induced dissociation (CID), such as electron transfer dissociation
(ETD)152 and higher-energy collisional activation (HCD)153.
• An ultimate goal in quantitative proteomics is the parallel detection of many different
samples, such as multiple time points after perturbation, including both technical and
biological replicates that provide statistical power with minimum overall experiment
time. A step in this direction is termed ‘hyperplexing’, in which SILAC (triplex) and
isobaric labelling (hexaplex) strategies were combined to follow protein expression
changes in 18 samples in a single analysis154.

Tandem mass spectrometry
(MS/MS). A type of mass
spectrometry in which ions are
selectively isolated and then
fragmented. The mass‑to‑
charge ratio of each molecular
fragment is measured and used
for structural characterization.

Selected reaction monitoring
(SRM). Protein quantification
obtained by monitoring the
specific combination of
precursor and fragment ion
mass-to-charge ratios
of several selected peptides
per protein.

Collision-induced
dissociation
(CID). Fragmentation of
molecular ions in the collision
cell through increasing the
molecules, kinetic energy
followed by collisions with
neutral molecules (often
helium, nitrogen or argon).

introduced before MS analysis. Therefore, SRM experiments are typically constrained to single LC–MS runs
without pre-fractionation or enrichment, and this
limitation currently hampers the quantification of lowabundance proteins or PTMs, especially in highly complex backgrounds. Alternative approaches have recently
been reported that use a pseudo-SRM methodology
in which either all ions are fragmented (SWATH)25 or
on‑the-fly prediction of peptide elution is used to target
a preselected array of proteins26, thus offering new means
to tackle the complexity problem.
Label-based protein quantification. Errors in quantification that occur through variation in sample handling
can be minimized when differential stable isotopes are
introduced in the samples to be compared in order to
create peptide isotopomers that can be distinguished in
the output spectra owing to their distinctive mass.
In recent years, several strategies have been developed
that use the incorporation of stable isotopes27, for which
minimal variability is achieved using metabolic labelling in cell culture28 or even in whole organisms29,30. A
drawback of metabolic labelling is that primary cells or

human tissue samples are difficult to culture and to label,
although this may be circumvented by constructing an
isotope-labelled reference sample from cultured cells as
an internal standard31. A more versatile alternative is
the subsequent use of chemical stable isotope labelling
at the protein or peptide level, which will be applicable to
almost any sample and may approach similar quantitative depth and precision to cellular metabolic labelling.
Quantification is usually achieved at the MS level, except
for chemical labelling using isobaric chemical labels, in
which quantification is based on MS/MS reporter ions.
A cost-effective example of MS‑level quantification is
dimethyl labelling 32, which allows highly efficient and
precise quantification of all sample types, from primary cells to tissues33,34. Quantification at the MS/MS
level can be multiplexed (up to octoplex), thus permitting the analysis of multiple perturbations in parallel35.
However, a current unresolved issue with isobaric labels
is the potential co‑isolation of more than one peptide
species, which may lead to a distortion of the quantification results36. This phenomenon can be partly overcome
by a double-isolation event 37,38, although it comes at a
cost of efficiency.
Overall, it is clear that proteomics technologies are
continuously evolving. The tremendous increase in proteome coverage obtained over the past decade cannot be
attributed to a single breakthrough, and there is ample
space for further developments. In BOX 1 and FIG. 2, we
summarize some of the latest developments in comprehensive shotgun proteomics. There is certainly not a
single ideal workflow, and the experiment undertaken
and the questions being addressed will largely define the
most suitable workflow.

Proteome expression profiling
The large depth of information that is now provided by
fairly routine use of MS‑based methodologies has positioned proteomics as one of the most powerful tools in
biology. Mapping the entire set of proteins in a biological
system and understanding how they readjust in space
and time on perturbation is one of the primary goals in
proteomics (FIG. 3).
Characterizing proteomic repertoires. Only a few years
ago, in 2008, extensive sample pre-fractionation followed by several days of MS acquisition time allowed
the complete proteome of yeast to be identified39. Four
years later, comparable results were obtained in a single MS run (~240 minutes) without the need for prefractionation40. This 100‑fold increase in throughput
demonstrates the quantitative leap that modern MS has
achieved.
Despite great advances in high-throughput RNA
sequencing (RNA-seq), the question of how many genes
encode protein products in human cells remains unanswered41. This uncertainty is partially due to the fact
the genome is extensively transcribed into non-coding
RNAs42, of which the biological importance remains to
be explored43. Recently, several studies showed that current MS‑based technologies are able to identify ~11,000
expressed protein-coding genes in cultured human cells
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Figure 2 | Generalized mass-spectrometry‑based proteomics workflow. In the vast majority of proteomics experiments,
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the extracted proteins are first digested into peptides, usually by trypsin, to create molecular species
that
are much
more
manageable in both sample handling and mass spectrometry (MS) analysis. Enzymatic digestion of a full proteome generates
hundreds of thousands of peptides: this sample complexity is not directly compatible with the MS analysis. Therefore, the first
step in the proteomics workflow is most often directed at reducing the sample complexity either by sample prefractionation
or enrichment. In sample prefractionation, the peptide population is fractionated according to its physicochemical
properties, such as charge, isoelectric point, hydrophobicity or combinations of these. It is essential here that the chosen
fractionation technique is orthogonal to the liquid chromatography (LC) separation just before MS analysis. Alternatively,
specific subsets of the sample can be targeted through enrichment of peptides containing modifications (for example,
phosphorylation (P), dimethylation (Me2) or acetylation (Ac)) using affinity-based resins or antibody-based immunoprecipitation (IP). These prefractionated or enriched samples are then introduced to the LC system for an additional separation step to
reduce complexity further; this can be achieved by using, for example, ultra-high-performance liquid chromatography (UHPLC).
Ideally, all peptides eluted from the LC are queried by the mass spectrometer, but in everyday practice, many peptides elute
simultaneously and compete for efficient ionization: highly abundant species can suppress the ionization of co‑eluting less
abundant species, thus preventing their MS analysis. After ionization, peptide precursor ions are introduced into the
mass spectrometer, which records their mass‑to‑charge (m/z) ratio with high accuracy. For identification, single precursors
are selected (on the basis of observed intensity) and subjected to a tandem MS (MS/MS) event — most commonly,
collision-induced dissociation (CID) — to generate characteristic fragment ions for the selected precursor. Peaks labelled
‘b’ are amino-terminal fragment ions, and peaks labelled ‘y’ are carboxy-terminal fragment ions. The combination of
precursor m/z and its fragment ions is then matched to known peptide sequences from large protein databases using search
algorithms such as Mascot or SEQUEST. Finally, data are quantified (either relatively or absolutely); for example the three
data analysis panels in the figure might represent three experimental conditions in which the different proteins (represented
by different coloured lines) may or may not change in abundance. These protein abundances are then interpreted
and visualized in the context of the biological system under study. HILIC, hypdrophilic interaction liquid chromatography.
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Box 2 | Assessing and disseminating proteomics data
Mass spectrometry (MS)‑based proteomics is producing a vast amount of data
regarding the expression, post-translational modifications (PTMs) and interactions of
thousands of proteins. This information has to be delivered to the scientific community
in an appropriate and curated form that is easily retrievable and interpretable. The
public availability of proteomics data will also safeguard quality standards in the field.
A first level to distribute proteomics data involves the long-term storage of the
unprocessed raw data. This is important, given that improved computational methods
will allow data reanalysis in the future. Tranche is one of the few public repositories
that can currently handle this type of data, and it is based on an encrypted
peer-to-peer system that stores data across multiple servers worldwide. However, raw
data are closed formats (that is, they are proprietary of MS manufacturers), which
hampers their dissemination. Therefore, efforts are being made towards the
standardization of formats that keep all of the relevant information. The PRIDE
database at the European Bioinformatics Institute exemplifies this determination, as it
allows not only the storage of standard MS data formats (that is, XML) but also the
associated peptide and protein identifications. Furthermore, the inclusion of
additional information (for example, species, fragmentation techniques and proteases)
allows the global meta-analysis of proteomic data sets. The GPM, PeptideAtlas and
NCBIpeptidome are similar examples in which the ProteomeXchange aims now to
provide a single point of submission to all of these initiatives. The next level is
represented by dedicated databases that include specific information on the PTMs of
proteins. PhosphoSitePlus, Phospho.ELM and Phosida are some popular resources that
contain several thousands of phosphorylation, ubiquitylation, acetylation and
N-glycosylation sites. The availability of all of this site-specific information gives rise to
more specific databases, such as NetPhorest or PhosphoMotif Finder, that catalogue
kinase linear sequence motifs. Likewise, databases such as String, Intact and BioGRID
are fed with the thousands of protein–protein interactions reported in current affinity
purification followed by MS (AP–MS) studies, and this allows reconstruction of global
protein networks with a high level of detail. The last level of proteomic data
annotation is supported by databases such as UniProt, which accommodate
information from all of these different inputs (the Human Protein Reference Database
and the recent neXtprot are specifically dedicated to the human proteome). Although
a risk of annotating false positives exists, the experimental evidence by multiple
studies could be used as a criterion to accept only confident results.

Proteogenomics
The use of proteomics data,
which are often derived from
mass spectrometry analysis,
to improve gene annotations.

Induced pluripotent
stem cells
(iPSCs). Somatic cells that have
been reprogrammed to a
pluripotent state, which is
highly similar to that of
embryonic stem cells, through
ectopic expression of four
transcription factors (namely,
OCT4, SOX2, MYC and KLF4).

Embryonic stem cells
(ESCs). Pluripotent cells
that can be derived from
the inner cell mass of the
blastocyst-stage embryo.

before saturation of the methodology, indicating that full
proteomes can now be sampled11,12, allowing the exploration of tissue-specific, cell-specific and developmentalstage-specific protein expression. In addition, the RNA
sequences derived from next-generation sequencing
platforms might contain exciting discoveries, such as
the presence of new splice variants and even new genes.
However, great precautions must be taken when dealing
with such a large amount of information, as it could be
prone to false-positive results. The current high-throughput of MS technology can therefore be exploited to confirm some of these genomic findings, as experimental
evidence at the protein level (for example, the identification of a peptide from a new gene) will provide unequivocal proof for such new gene forms. The use of genomic
and proteomic information to re‑annotate gene sequence
databases is known as proteogenomics. A proof of concept of such applications was given by MS sequencing
to confirm translation of pseudogenes, to identify new
splice variants and even to identify new protein-coding
genes44. Moreover, MS has also been used to assess the
debated pervasiveness of RNA editing 45 by showing that
at least some of the discrepancies between RNA and
DNA sequences are expressed at the protein level45, rather
than solely being artefacts of nucleotide sequencing 46.

Comparative profiling. System-wide analyses of differential gene expression represent a powerful approach
to identify and to understand the molecular causes of
many biological and pathological processes. Like transcriptomics, which allows comparison of mRNA levels
between samples, implementation of quantification
strategies in the proteomic workflow allows relative
protein quantification with high accuracy 19,47.
The breakthrough discovery that somatic cells can
be reprogrammed to an embryo-like state termed
induced pluripotent stem cells (iPSCs) has opened
new avenues in the field of regenerative medicine 48.
However, before iPSCs are used in the clinic, molecular comparisons between iPSCs and their embryonic
stem cell (ESC) counterparts are necessary, given that
such differences may have an impact on their potential
therapeutic use. Using transcriptomics, it was found
that iPSCs possessed a unique gene expression profile that distinguished them from ESCs49. However, it
has also been shown that these gene expression profiles could represent signatures of laboratory-specific
in vitro culture conditions rather than a recurrent
molecular signature across different iPSC lines50,51.
Therefore, examination of the protein levels between
these cell lines would provide an important molecular
angle that sheds light on this debate, especially given
the fact that levels of mRNAs and proteins often poorly
correlate19,47. Recently, two groups carried out extensive
proteomic comparisons of ESCs, iPSCs and the parental fibroblasts of the iPSCs13,52. Both studies confirmed
the high similarity of iPSCs and ESCs at the proteome
level and found only a few statistically significant differences in protein levels between them. Interestingly,
the set of differentially expressed proteins found by
each group showed a nonsignificant overlap53, supporting the emerging notion that differences between
iPSCs and ESCs might solely reflect experimental
cell-culturing conditions.
Absolute quantification. Although relative quantification reveals changes in protein levels between two
or more states, it is dimensionless and is normally
expressed in the form of ratios. Recent advances in MS
and bioinformatics now allow the estimation of the
absolute amount of proteins: that is, the copy number
of proteins per cell. Using pulse labelling with nucleosides or amino acids, an elegant study was conducted to
quantify turnover and expression levels of mRNA and
proteins19. The result that mRNA levels explained only
~40% of the variability in protein levels led the authors
to create a model for gene expression control that
showed that protein abundance is predominantly controlled at the level of translation. These findings offer
new insights into the mechanisms of gene expression
control and the relationships between transcription
and translation. The use of internal peptide or protein
standards in combination with SRM provides another
means to assess absolute copy numbers24,54, although
such methods are still prone to inaccuracy and
error, such as inconsistent proteolysis of the samples
and protease bias21.
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(as illustrative examples, the studies discussed in the text are shown for each case). a | The combination of
high-throughput DNA or RNA sequencing (DNA-seq or RNA-seq) data with massively parallel peptide sequencing
data can reveal, for instance, alternative splicing events and can be used to annotate or reannotate genomes.
b | Proteomes can be quantitatively compared between two or more samples, enabling differential protein expression
analyses to be carried out. c | When done under controlled conditions, proteomics data can be used to estimate the
absolute abundance of proteins (that is, the number of protein copies per cell). d | Advances in multiplexing allow
monitoring proteome dynamics of complex biological processes in time. e | Fractionation of cellular organelles
followed by mass spectrometry analysis represents a unique approach to describe localization of proteins. ESC,
embryonic stem cell; iPSC, induced pluripotent stem cell.

Electron transfer
dissociation
(ETD). Fragmentation of
molecular cations by the
transferal of an electron.

Dynamic and spatial proteomic characterization.
Although static snapshots of proteomes provide valuable information, on perturbation of the steady-state
conditions, the proteome dynamically responds in space
and time. For instance, a multi-disciplinary study was
conducted in differentiating ESCs47 and differentiationassociated changes were found in the levels of hundreds
of proteins, thus potentially improving our knowledge of
cell-fate decisions. Furthermore, spatial distribution
of proteins can be obtained using methods that purify
subcellular compartments. Whereas imaging technologies allow higher-resolution and single-cell analyses,
MS can be used in a ‘discovery mode’ to identify new
protein components of organelles: for example, novel
centromere-associated proteins55. Ideally, integration of
all these approaches would allow us to obtain a clearer
picture of the ‘living’ proteome and how it responds to
external cues56.

Deciphering post-translational regulation
PTMs are key regulators of protein activity and involve
the reversible covalent modification of proteins by small
chemical groups, lipids or even small proteins. In addition, proteins can be cleaved by proteases, and the chemical nature of amino acids can be modified. Taking into
account the number of expressed protein-coding human
genes (~11,000), the array of PTMs available (more than
200), the number of potentially modified residues, the
dynamic nature and the often low stoichiometry of these
modifications, one realizes the magnitude of the analytical challenge to identify and to localize the sites of these
modifications. Advancements in MS methodologies, as
outlined in BOX 1, have also greatly improved the analysis
of PTMs. In particular, electron transfer dissociation (ETD)
leaves labile PTMs intact on the peptide backbone, assisting in site assignment. MS is currently the most powerful
tool for studying PTMs in system-wide approaches.
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Immobilized metal ion
affinity chromatography
(IMAC). A metal ion with
an affinity for analytes
to be enriched (often
phosphopeptides) is fixed to
an insoluble matrix and serves
as the adsorption centre,
allowing complexation.

Basophilic kinases
Kinases that have a preference
for basic amino acids in the
sequence motifs of their
substrates.

Lectin
A carbohydrate-binding
protein that is involved in
various biological recognition
phenomena.

Hydrophilic interaction
liquid chromatography
(HILIC). Normal-phase
chromatography with
water-miscible mobile phases
to separate hydrophilic
compounds, such as proteins
and peptides. Typically,
the order of elution is the
opposite of that obtained
with reversed-phase
chromatography.

Filter-aided sample
preparation
(FASP). Generation of tryptic
peptides from crude lysates for
liquid chromatography coupled
to mass spectrometry (LC–MS)
analysis within a filtration
device, allowing analysis of
detergent lysed cells and
tissues.

Phosphoproteomics. Probably owing to its ubiquitous
role in almost any biological process, phosphorylation
is still the best characterized PTM. Phosphopeptide
enrichment strategies, such as immobilized metal ion
affinity chromatography (IMAC)57,58, titanium dioxide
(TiO2) chromatography 59 or phosphotyrosine immuno
precipitation60, have unlocked the analysis of phospho
rylation as shown by a diverse range of studies in
different types of tissues61, disease states62,63 and cell
lines52,64. Most conventional enrichment strategies have
a bias towards acidic peptide sequences. However,
methods to counteract the under-representation of
basic phosphopeptides include Ti 4+-IMAC-based
phosphopeptide enrichment 65 or the use of antibodies
selectively to immunoprecipitate peptides containing
the target sequences of particular basophilic kinases of
interest 66.
In 2003, MS‑based studies identified ~300 phospho
sites, and this was considered to be breakthrough
progress at the time; now, MS technology can identify
thousands of phosphosites with high precision61. This
growing qualitative information is being annotated in
databases67, and predictions suggest that more than half
of the proteome might be regulated by phosphorylation
at an astonishing ~500,000 sites9. An obvious question
arises concerning the functional relevance of all these
sites. Kinase promiscuity could be seen as a natural
mechanism to tune protein function. In the absence
of a functional disadvantage, a phosphosite might persist as there will be no evolutionary pressure to mutate
it to an amino acid that cannot be phosphorylated67.
Determination of the stoichiometry of the modification
might address this issue. Studies in yeast have revealed
that fully phosphorylated sites (indicative of constitutive kinase activity or absent phosphatase activity)68 are
more evolutionarily conserved69, implying functional relevance. Additionally, future analyses of phosphorylation
turnover may provide a basis to prioritize phosphosites
for functional characterization, as residues with long halflives may indicate housekeeping functions, whereas sites
with short half-lives may pinpoint the action of highly
regulatory kinase–phosphatase pairs. Despite all of this
progress, system-wide analyses are still severely hampered by the lack of appropriate analysis software, which
is currently gene-centric and does not accommodate the
dynamic analysis of multiple PTMs on a single protein.
To understand signalling pathways, quantitative
phosphoproteomics is used to monitor the transient
nature of phosphorylation events globally 64,70 and in
specific organelles71. However, these analyses require
careful interpretation. Changes in the abundance of a
phosphopeptide could be caused by variations in the
total protein abundance. Therefore, parallel quantification of proteins is required72, especially in later time
windows (for example, >12 hours following a perturbation), in which gene expression changes might distort
phosphorylation ratios.
Understanding how kinases (and phosphatases) regulate all of these sites is also important. Phosphopeptide
sequences occurring in vivo that are identified in
large-scale phosphoproteomics studies 61 can be

bioinformatically analysed to find over-represented
amino acids that flank the phosphorylation site, providing clues on linear sequence motifs and, therefore, kinase
specificity 73. Complementary large-scale in vitro
kinase assays are also used to refine these consensus
motifs further 74. In addition, kinase inhibitors have been
used to discover new substrates for several kinases63,75.
Finally, the generation of phospho-specific antibodies of
candidate sites allows localization of a phosphorylation
reaction with subcellular resolution; for example, this
can reveal asymmetric phosphorylation events (those
that do not occur uniformly throughout the cell) as a
consequence of kinase compartmentalization30.
Other PTMs. As we start to probe the large implications of phosphorylation, other PTMs that until recently
remained elusive have become assessable by MS‑based
proteomics, revealing some new concepts in biology.
Peptide-centric immunoprecipitation experiments are
becoming successful for lysine acetylation76 and ubiquit
ylation77. Interestingly, although lysine acetylation of
histones is widely appreciated to be a gene-regulatory
mechanism, it was found that acetylation targets thousands of non-histone proteins, implying a regulatory
role beyond chromatin status regulation76.
Alternatively, for ubiquitylation and sumoylation, a
strategy can be used in which an affinity tag is fused to
ubiquitin78 or to SUMO conjugates79. This construct is
transfected into cells of interest, so that endogenous protein targets become affinity-tagged during ubiquitylation
or sumoylation and are then isolated by co‑immuno
precipitation. Glycosylation is another widespread PTM,
although analysis is challenging because of its labile character and range of glycostructures. There are two types of
glycosylation: N‑linked (that is, attached to asparagine)
and O‑linked (that is, attached to serine or threonine).
N‑linked glycosylation has primarily been studied so
far: this can be enriched at the peptide and protein
level by using either lectin-affinity-based columns or
hydrophilic interaction liquid chromatography (HILIC)80. For
example, a method was developed that used an elegant
combination of lectin affinity chromatography with
filter-aided sample preparation (FASP) to improve analysis of N‑linked glycosylations on membrane proteins81.
Using such methods, thousands of N-glycosylation81 and
ubiquitylation77,82 sites are being identified, and their
functionality is being better understood.
The coexistence of different modifications in the
same protein may indicate the existence of PTM crosstalk, of which currently only a few functional relations have been reported. For example, acetylation of
two lysine residues, which are mapped by MS, in the
human gene expression regulator SMAD7 (also known
as MADH7) prevents ubiquitylation of these residues
and thereby blocks degradation of SMAD7 (REF. 83).
As another example, the pluripotency-associated
transcription factor SOX2 is phosphorylated on three
serine residues; this induces its sumoylation64 and thus
impairs its DNA-binding properties84. Such crosstalk
results in a sophisticated communication between
PTMs in which sequential, mutually exclusive or

NATURE REVIEWS | GENETICS

VOLUME 14 | JANUARY 2013 | 41
© 2013 Macmillan Publishers Limited. All rights reserved

REVIEWS
Dynamic perturbation of biological system

Quantitative MS

Acetylation

Ubiquitylation

Phosphorylation

Ac

Methylation

Ub

P

Sumoylation

Me

Su

PTM crosstalk mechanisms

Sequential

Mutually exclusive
MDM2

Antagonistic
Chromodomain

MDM2

Chromodomain

SUMO
ligase

Su K268

S259 P
SOX2

Phosphorylation-dependent
SUMO modiﬁcation

K292 Ac

K292 Ub

p53

p53

K9

Me3

H3

Acetylation prevents degradation
of p53 by MDM2

P S10

K9 Me3
H3

Phosphorylation disrupts H3
interaction with chromodomain

Figure 4 | Large-scale mass spectrometry data sets of post-translational modifications (PTMs) allow analysis
Natureand
Reviews
| Genetics
of PTM crosstalk. Mass spectrometry (MS)‑based proteomics represents a unique tool to identify
quantitatively
to monitor global and site-specific changes of post-translational modifications (for example, acetylation,
phosphorylation and ubiquitylation). Often, many of these regulatory events coexist in the same proteins. Integration
of these analyses will serve as a valuable resource to reveal mechanisms of post-translational modification (PTM)
crosstalk (for example, sequential, exclusive and antagonistic). Examples depicted are sequential: the phosphorylation
of the transcription factor SOX2 in three serine residues induces its sumoylation64, which ultimately impairs its
DNA-binding properties84; mutually exclusive: acetylation of p53 in a lysine residue prevents the ubiquitylation of the
same site by MDM2 and thereby proteasomal degradation of p53 (REF. 155); and antagonistic: trimethylation of histone
H3 is required for binding of the heterochromatin protein 1 (HP1) chromodomain, and this interaction is antagonized
by an adjacent phosphorylation site catalysed by aurora kinase B (AURKB)156.

antagonistic mechanisms seem to regulate protein
functions85 (FIG. 4). In the light of these observations,
several PTMs are now simultaneously profiled, including O‑linked N‑acetyl glucosamine (GlcNAc) and
phosphorylation86, as well as acetylation and phosphorylation87,88. The high degree of PTM complexity that
is being revealed by the exponential growth in PTM
data sets reveals a much higher order of complexity
than was previously anticipated as most of the proteins
are modified by different PTMs; this complexity forces
us to change our classical view of signalling networks
from a linear information flow into a highly intricate
and multidirectional regulatory network.

Protein–protein interactions and network biology
Understanding the diverse and dynamic proteome
requires the construction of charts of physical interactions. Proteins often interact with each other in stable
or transient multi-protein complexes of distinct composition, with an estimated 130,000 binary interactions in the human interactome, most of which remain
to be mapped89. Moreover, proteins can interact with
other molecules, such as RNA 20 or metabolites 90.
These complexes have essential roles in regulatory
processes, signalling cascades and cellular functions,
and loss of the ability to interact can cause loss of
function91,92.
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Tandem affinity purification
(TAP). A process in which a
protein is carboxy-terminally
tagged with a peptide
containing a calmodulinbinding peptide, a TEV
protease cleavage site and
protein A. The protein is first
purified using immunoglobulinG‑coated beads that bind
protein A. The protein fusion is
then cleaved from the gene of
interest by the TEV protease
and purified.

AQUA peptides
A precisely known amount of a
synthetic tryptic peptide, which
corresponds to a peptide of
interest in the sample, with one
stable-isotope-labelled amino
acid that is used to determine
absolute protein amounts.

Characterization of protein–protein interactions by
affinity purification–mass spectrometry. The analysis
of PPIs was initially driven by yeast two-hybrid (Y2H)
studies, but it has more recently been complemented by
using affinity purification (AP) of a protein of interest
(‘bait’) followed by MS to identify its interaction partners
(‘prey’; a method termed AP–MS)93,94. High-throughput
Y2H assays can generate broad maps of binary PPIs,
irrespective of protein abundances, including those
that connect different complexes and those that are of
a highly transient nature, which are difficult to target
using alternative approaches. However, the quality of
Y2H data sets has been controversial, and different Y2H
systems have been shown to detect markedly different
interactions in the same interactome, requiring tools
to determine the confidence of the interactions89,94–96.
Confident interactions obtained by Y2H reflect a different part of the interactome than do interactions obtained
by AP–MS, providing orthogonal information on cellular PPI networks95. AP–MS can delineate the dynamics of interactions (using quantitative MS workflows) at
almost physiological conditions, thus explaining its success for the determination of protein complex compositions. Recent AP–MS reports have described the global
landscape of PPIs in various species, such as yeast 92,97
and fruitflies98, and of proteins from various biological
processes, such as deubiquitylating enzymes99, kinases
and phosphatases100, and the autophagy system101. In a
recent study, AP–MS was used to draw the interaction
landscape of all 18 HIV‑1 proteins with their human host
proteins and protein complexes102. In an accompanying
study, the authors showed that one of the newly discovered HIV–host PPIs is required for preserving HIV‑1
infectivity 103.
It is essential in AP–MS experiments that the ‘bait’
protein and associated ‘prey’ proteins can be efficiently
purified under physiological conditions. When antibodies are available, endogenous protein immunoprecipitation can be accomplished, as shown in a large study
in which 3,290 immunoprecipitation experiments were
carried out to chart the human co‑regulator complex
network104. As antibodies can be cumbersome to use and
are not available for all bait proteins of interest, affinity tagging of a bait protein is a common alternative.
Control of expression levels of the tagged bait protein is
important, as overexpression can lead to altered localization and can cause the formation of non-physiological
protein associations. Tandem affinity purification (TAP)105
has been successful in mapping global PPIs in yeast 92,97.
Here, the intrinsic homologous recombination capability of yeast directly introduces the TAP tag at a chosen
endogenous locus, so that the natural regulatory mechanisms control the expression of the TAP fusion protein.
In many other organisms, recombination is less efficient,
and alternative approaches are required. An interesting
alternative is to use transgenes that are cloned using
bacterial artificial chromosomes (BACs)106 and that
contain all of their endogenous regulatory sequences.
PPIs were studied during human cell division by combining BACs with a modified version of TAP107, in which
one of the tags was replaced by GFP, thereby allowing

both localization and affinity purification (LAP)108.
This enabled the authors to observe proteins associating with cellular components, such as centrosomes and
spindles, ultimately leading to the discovery of several
new subunits in complexes that are essential for cell division107. In contrast to the large range of soluble protein
complexes targeted with AP–MS, complexes containing
membrane proteins have been less well studied owing to
compatibility issues between the used AP–MS protocols
and the hydrophobicity of membrane proteins. With the
inclusion of non-denaturing detergents in TAP extraction and purification procedures, these restrictions have
been overcome, allowing a study to be conducted of
1,726 membrane PPIs in yeast 109.
For a more global analysis, affinity enrichment of
single bait proteins can be circumvented by combining
chromatographic separation of intact protein complexes
with high-resolution quantitative MS110,111. With this
combination, 291 protein complexes were analysed in
the human interactome, and SILAC quantification was
used to follow global changes occurring on stimulation
with epidermal growth factor (EGF)111. In another study,
a combination of several biochemical fractionation
technologies was used to identify 13,993 endogenous
human PPIs, containing 3,006 proteins in 622 putative
complexes in cytoplasmic and nuclear extracts110.
The absence or presence of PTMs greatly affects
PPIs, as demonstrated by the epigenetic regulation
of transcription through specific histone marks and
their ‘readers’. A highly efficient method for identifying these readers and their respective complexes was
applied in a human cell line: modified histone peptides were used to pull down binding proteins, which
were then assigned to protein complexes by AP–MS28.
Furthermore, besides the role of acetylation in epigenetic
regulation, the double acetylation of human structural
maintenance of chromosomes protein 3 (SMC3) was
shown to be crucial for recruiting the protein sororin
to the cohesion complex 112 to ensure proper sister
chromatid cohesion and chromosome segregation.
Dynamic and quantitative AP–MS. In addition to global
analysis, quantitative AP–MS can reveal highly relevant
information on the dynamics of PPIs. For instance, the
abundance and dynamics of subunits of the human protein phosphatase 2A (PP2A) network was studied by
introducing isotope-labelled reference peptides during
sample preparation to determine the amount of bait protein present in the purification113. The authors were then
able to determine the dynamic association of PP2A with
protein phosphatase methylesterase 1 (PPME1) under different conditions. Likewise, quantitative MS was used to
determine the architecture of the cullin–RING ubiquitin
ligase network on deneddylation, after which AQUA
peptides were used to determine the occupancy of individual subunits in the network114. A targeted approach
called AP–SRM was developed and followed 90 growth
factor receptor bound protein 2 (GRB2)‑interacting
proteins on cellular stimulation by EGF; it revealed
both constitutive complexes and transient complexes
that form only after growth-factor stimulation 115.
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Quantitative AP–MS analysis of the adenomatous polyposis coli (APC)–AXIN1 destruction complex, which
degrades cytosolic β‑catenin, revealed a new view on
its regulation by WNT signalling 116. Unlike a previously
proposed model, the complex does not dissociate on
WNT activation but instead suppresses degradation of
β‑catenin, leading to accumulation of β‑catenin within
the complex and thus complex saturation. These examples highlight the strength of AP–MS in characterizing
the dynamics of PPIs and thus in providing new insights
into essential biological processes.
Technical challenges. Certain improvements can still
be made to AP–MS studies. For example, it remains
difficult to distinguish true interactions from co‑purifications of background proteins. The most common
solution is to carry out bait-free control purifications
(such as using an empty vector or RNA inteference of
the bait protein) in parallel with the bait purification.
Measured interactors are considered to be nonspecific
if they occur equally strongly in both bait and control conditions117. In addition, several computational
methods have been developed to assist in the assignment of true and false interactions and have recently
been reviewed118. More complicated are the remaining
questions of how accurately to identify: highly transient
interactions; proteins and protein binding sites that
make direct contact within a complex; stoichiometry
of the complex; and finally the directionality and function of the interactions. Such information is essential to
aid in our understanding of how complex interaction
networks operate. Potentially, the answer lies in the use
of crosslinkers to capture the native state of interacting proteins under different conditions, pinpointing
direct interaction partners and capturing transient
interactions119. Identification of the crosslinked sites
could potentially reveal binding sites and, in combination with MS analysis of intact complexes, additional
structural information can be obtained120,121, as was
recently shown for PP2A complexes122. Finally, these
advancements can be deployed to unravel the networks
underlying disease, for which protein mutations or
altered expression of proteins or their PTMs compromise interactions. Here, additional developments of
computational tools are required that allow modelling
of protein network behaviour under changing conditions, as inferred from quantitative AP–MS data, which
is reviewed elsewhere123,124.

Clinical applications
Integrative omics profiling. As outlined above, the
immense complexity of molecular and cellular processes hampers the identification and interpretation
of the molecular causes of disease. For example, the
3,000 human genes found to be mutated — a staggering number — in relation to known disorders125 and
the observed 1,000–10,000 somatic substitutions in the
genomes of most adult cancers126 rarely result either in
an understanding of the molecular mechanisms that
drive the disease or in the development of therapeutics.
To realize such goals, we have to gather integrative views

of molecular processes. Several examples are emerging, showing the strength of combining technologies
to unravel these entwined processes. For instance, the
physiological state of a single person was monitored
for 14 months, combining genomic, transcriptomic,
proteomic, metabolomic and autoantibody profiles127.
This study is a proof‑of‑principle of integrative personal
medicine termed an ‘integrative personal omics profile’
and revealed various medical risks, including onset of
type 2 diabetes.
Another example of the successful combination of
multiple technologies is the search for remedies against
drug resistance in cancer therapy. Cancers are highly
complex and are often driven by gene mutations that
result in constitutively active signalling pathways controlling proliferation and growth. Inhibiting single nodes
in such pathways can lead to rewiring to alternative pathways, thereby inducing drug resistance. Such dynamic
rewiring was uncovered by generating a system-wide
view of signalling networks, gene expression profiles
and cellular phenotypes in combination with mathematical models to find relationships between the data128.
From the integrative data, the authors delineated that a
sequential application of two types of anticancer drugs
had the highest efficacy.
Clinical biomarkers. One of the most challenging applications of proteomics is the identification of protein
biomarkers with prognostic or diagnostic value (FIG. 5).
Recent technological advances, as reviewed above, have
materialized in the design of comprehensive pipelines
that integrate discovery and validation phases, enabling
plasma biomarkers to be identified for different types
of disease129,130. Although several successful biomarkers
have been introduced for clinical use, many (if not most)
claimed biomarkers have a limited reliability or remain
without proper validation131, leading to scepticism
among clinicians. The primary shortcomings of many
biomarker studies are a lack of proper controls in the
discovery phase, the use of appropriate statistical tools
for biomarker definition and the need for independent
validation steps in large patient cohorts to certify the
legitimacy of the biomarker unambiguously 132,133; such
weaknesses lead to claimed biomarkers that are seldom
directly related to the disease biology. An example of a
successful biomarker that links to the disease biology
and that has been validated in a large patient cohort is
the protease inhibitor elafin. This protein was shown
to have both prognostic and diagnostic value in acute
graft-versus-host disease after allogeneic bone marrow
transplant 134. Another demonstrative example is the
report of protein signatures associated with human lung
cancer 135. The success of this study was achieved through
a stringent selection of markers that underpin tumour
biology and through circumventing one common pitfall
in the search for biomarkers: the use of healthy controls.
Comparing healthy control samples with disease samples can result in processes accompanying a disease —
for example, inflammation — to be the main source of
protein differences between the samples132. Bearing this
in mind, the authors compared four lung cancer mouse
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signatures. Mass spectrometry (MS)‑based proteomics is used for an in‑depth quantitative profiling
of the
proteome
of a
disease model and its appropriate control systems. After applying stringent statistics, a set of putative proteins is defined
that may be used as a phenotype signature. Using more targeted approaches, either MS‑based (for example, selected
reaction monitoring (SRM)) or antibody-based, these markers are validated in large patient cohorts. Ideally, the biological
associations between the signature proteins and the disease phenotype are further biochemically corroborated to
confirm that the biomarker has a direct mechanistic role in the disease.

models with four alternative cancer models (namely,
pancreatic, ovarian, prostate and breast cancers) and
also included two models of inflammation. The specific
protein signatures underlying lung cancer tumour biology could subsequently be validated in two independent
human patient cohorts.

Fluorescence-activated
cell sorting
(FACS). A method in which
dissociated and individual
living cells are sorted in a liquid
stream according to the
intensity of fluorescence that
they emit as they pass through
a laser beam. Sources of
fluorescence include labelled
antibodies that allow cell
sorting on the basis of the
expression of cell-surface
molecules.

Heterogeneity, driver events and personalized cancer
therapies. Expression profiles of biopsy samples can
reflect the molecular signature of a disease and thus can be
used to design personalized treatments. However, tissues
are formed by different cell types, and this can complicate the analysis of the cell population of interest. As a
solution, ultra-sensitive proteomics136 can be coupled
to laser-capture micro-dissection to isolate a particular
cell population. MS methodologies have sufficiently
advanced to cope with these small sample sizes, such
that reasonable proteome coverage can be obtained from
a few hundred cells137 (BOX 1). This opens new avenues to
study phenomena such as intra-tumour heterogeneity.
Often, in vitro cell lines poorly recapitulate the conditions existing in vivo. This issue can now be partially
solved by fluorescence-activated cell sorting (FACS)-based
isolation of the cell type of interest from primary tissue
samples. This allows the study of biological processes
ex vivo; for example, this method was used to define a
core of stem-cell-specific genes in the small intestine34.
The deregulation of mechanisms controlling PTMs
can have severe consequences. For instance, mutations in receptor tyrosine kinases (RTKs) can cause the

cellular processes that they regulate to be constitutively
active. In fact, many tyrosine kinases are oncogenes,
and malfunctioning survival or differentiation mechanisms will ultimately lead to malignant transformation.
Therefore, identification of the kinases that are active
in certain tumours is indispensable, as this activation is not always directly caused by genetic mutation.
Immunoprecipitation followed by MS was used to identify phosphotyrosine peptides in 41 lung cancer cell lines
and 150 tumours138. The resulting phosphotyrosine signatures were used to classify the samples and allowed
the authors to identify several novel kinases activated
in lung cancer, including novel ALK and ROS fusion
proteins. In an alternative approach, selective peptide
immunoprecipitation experiments were used against
phosphorylated substrates of the phosphoinositide
3‑kinase (PI3K) and mitogen-activated protein kinase
(MAPK) pathways139. They found that activation of
the PI3K–AKT pathway — either through loss
of PTEN function or through an activating mutation
in the catalytic subunit of PI3K — could be detected by
monitoring a phosphorylation site downstream in the
pathway. Phosphoprotein biomarkers uncovered by this
novel approach could then be used to identify PI3K–
AKT pathway activation without sequencing multiple
genes in the pathway and also to predict the efficacy of
pharmacological inhibitors of AKT, 3‑phosphoinositidedependent protein kinase 1 (PDK1), PI3K or mammalian target or rapamycin (mTOR), demonstrating the
potential for personalized therapy.
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Organoids
Multicellular structures
that resemble organs in
architecture and function.

Mass cytometry
Cells bound to antibody–
isotope conjugates are sprayed
as single-cell droplets into an
inductively coupled plasma
mass spectrometer, creating a
quantifiable response profile.

Ribosome profiling
Qualitative and quantitative
sequencing of the RNA
attached to ribosomes as a
signature of genes that are
expressed.

Conclusions and future perspectives
Next-generation proteomics allows a much more
in‑depth view of the proteome in all its facets. As the
core technology, MS will remain a main player in this
arena. Future advances in MS‑based proteomics technologies will focus on: getting the relevant proteomics
data in less analysis time 40; reducing the quantity
of material required; and allowing in‑depth analysis of
homogenous cell populations (for example, FACS-sorted
cells)34 or micro-dissected tissue, with the ultimate aim
being single-cell proteome analysis136. Other challenges
that remain are the transferal of existing technologies
from application on laboratory cell cultures to in vivo
tissue and primary cells, in which technical and biological variability are much trickier to control140. In the
future, patient-derived iPSCs141 and organoids142 may be
used for proteomic analysis as potentially valuable intermediates that are between laboratory-cultured cells and
patient-derived tissue.
In response to the developments towards personalized medicine, snapshots of personalized proteomes
are required as well127. Although unbiased MS‑based
methods are rapidly becoming faster and more comprehensive, targeted analysis of proteins of interest — for
example, by SRM — will allow multi-level platforms that
may soon compete in clinical environments with existing analyses, such as enzyme-linked immunosorbent
assay (ELISA) tests143. In this context, mass cytometry144,
which couples an alternative FACS approach (using isotopes) with MS, already provides a competitive highly
multiplexed platform for conventional FACS.
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