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Protein heterogeneitymay result frommany factors often closely related to the regulation of biologicalmechanisms.
This review addresses one source of protein heterogeneity, the translation of genetic variability and transcriptional
modulation to the protein level. We provide an overview how customized protein sequence databases generated
using genomic and transcriptomic sequence information in conjunction with approaches to increase protein
sequence coverage can aid in gaining a deeper insight into variability at the protein level. Modern approaches of
DNA/RNA sequencing open the possibility to obtain detailed sequence information from individual genomes and
transcriptomes at single nucleotide resolution. Further studies tried to correlate genetic variability with important
biological consequences such as the risk for developing a disease or defining a personalized approach towards
therapy (also called “personalized or precision medicine”). Linking genomic and transcriptomic information to
complex biological mechanisms has, however, remained elusive due to the fact that there is no direct cause and
effect relationship between changes at the DNA/RNA level and downstream consequences. In this review we give
an overview of the challenges of integrating genomics and transcriptomics data with proteomics data and link
variability at the DNA/RNA level to protein variability and protein species.
Biological significance: The manuscript focuses on a recent trend in proteomics, namely the integration of genomic
and proteomic data. Genetic and transcriptomic variability accounts for a considerable part of protein variability
and is at the basis ofmany protein species, many ofwhich not yet described at the protein level butmany also iden-
tified as proteins or peptides with unknown function. The review highlights the challenges of current proteomics
methodology, notably incomplete sequence coverage, which make it difficult to appreciate the full complexity of
any proteome and leads to the fact that much variability at the DNA/RNA level is not captured at the protein
level. We outline a few strategies to ameliorate this situation.

© 2015 Elsevier B.V. All rights reserved.
1. Introduction

Proteomics attempts to study the complete protein complement
that is present in a cell, tissue, body fluid or another biological sample.
Recent advances in liquid phase separations, mass spectrometry and
bioinformatics enabled researchers to perform deep proteome analyses
covering almost every protein as predicted by the corresponding
genomes and transcriptomes [1,2]. However, proteomes contain more
sequence variation than is captured in the canonical sequences of public
sequence databases, which are widely used for protein identification.
Canonical sequences provide the longest sequence reads that show
the strongest homology to proteins in other species while providing
the most complete description of protein domains and covering the
most prevalent protein forms in a given species [3]. Genetic variability
between individuals in a population, transcript variants stemming
from alternative splicing and post-transcriptional RNA modification
events, all introduce new protein species. One gene may thus give rise
tomultiple proteins each representing a different protein form. According
to this definition, eachmodification of a protein leads to a distinct protein
species. While this review focuses on human biology, the same general
principles apply to other organisms. We will not cover the vast area of
post-translational protein modifications due to limitations in scope
and the many excellent overviews that have appeared on the topic
(see [4,5] as examples).

Proteogenomics has originally been used in studies where the goal
was to confirmgene annotation. An example of such a study is presented
by Bringans et al., where the predicted genes of the fungal wheat patho-
gen Stagonospora nodorumwere corroborated using 2D-LC MALDI-TOF/
TOF proteomics data [6]. In this study, two versions of genome annota-
tion predicted a total of 16,116 genes from which 2134 were confirmed
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by proteomics data. More recently the term proteogenomics was also
applied to studies where DNA and RNA-Seq data are used to generate
sample-specific protein sequence databases for peptide and protein
identification. RNA-Seq data predicts protein sequences contributed by
events like RNA editing or splicing, which reflect the protein product
more closely than protein sequences deduced fromDNA. For this reason,
we will mainly focus on studies using the RNA-Seq approach in this re-
view. There is a clear trend towards generating individual transcriptome
references to guide proteomics data analysis and protein identification
through database search (DBS). The RNA-Seq-based proteogenomics
approach accounts for sample-specific, genomic variability and hence
offers the best optionofmatching in silico generatedpeptidemass spectra
with experimental data. Since DBS can only identify peptides that are
present in the database, it is necessary to generate RNA-Seq-based
databases to match experimental MS/MS spectra to sample-specific
protein species. This advance is due to significant improvements in
nucleic acid sequencing technology allowing for fast and cost-efficient
transcriptome reconstruction by de novo assembly or by alignment
sequence reads to the reference genome [7,8]. It is to be expected
that most future proteomics work will no longer make use of generic,
species-wide but rather of individualized sequence databases. We can
envision that this represents the beginning of the ‘personal -omics era’
that will be further extended to encompass personal glycomics, metabo-
lomics aswell as other datamodalities. An example of this development is
the Chromosome-Centric Human Proteome Project (C-HPP), which has
the goal to catalog all identified human protein species in a ‘gene-centric’
manner and enrich it with metadata such as MS/MS spectra of unique
peptides. This and other resources will become very relevant to address
biological questions by relating genetic variability to protein species and
function [9,10].

2. Genomics and protein variability

2.1. Personalized genomics and proteomics data interpretation

Advances in DNA/RNA sequencing technologies enable a more
targeted strategy for the definition of a reference proteome. Personal
and population genomics provides a viable approach to constructing
sample- or group-specific reference databases. The value of whole
genome-sequencing can be exemplified by the recent sequencing of
the genomes of 250 Dutch families [11], that delivered many new
transcript isoforms not represented in public databases but inherent
to genetic variability in this population. Thus, while an average
Dutch genome has over two thousand common non-synonymous
variants (the allele frequency in this population exceeds 5%), it also
contains about 300 personal or rare variants affecting the content
of individual or group-specific proteomes. Using a public reference
database might thus not only result in lower identification rates
but also bias proteome analysis by missing rare protein species that
are present but cannot be matched to experimental MS data. These
variants may be particularly interesting when trying to link a phenotype
(e.g. susceptibility for a disease) to the proteome profile.

Another, underappreciated source of genetic variation is structural
changes in genomes [12]. Small insertions/deletions (indels) and larger
differences such as deletions, duplications and (retro-) transpositions,
collectively involve more bases in genomes than single-base variants.
It is therefore expected that they might have a more profound influence
on the gene and transcript content of an individual.Whilemethodologies
for large-scale genome structure analysis are still under active develop-
ment, we expect that progress in this area will further improve the
identification of personal and rare protein species.

2.2. Transcriptome sequencing approaches

RNA sequencing represents a whole class of transcriptome reading
techniques under a general au term of RNA-Seq approach. Multiple
modifications of RNA isolation, fragmentation and library preparation
protocols as well as sequencing methods have been developed,
addressing various combinations of types of RNA molecules. These
protocols offer different utilities for a proteogenomics approach.

• Classic transcriptome profiling aims at determining the full
complement of cellular RNA. As ribosomal RNA (rRNA) constitutes a
large fraction of cellular RNA, but does not encode for protein sequences,
an rRNA depletion step retaining all coding and non-coding RNA species
improves the cost-efficiency of sequencing.

• Construction of polyA-selected transcriptome libraries by using
an oligo-dT primer used to selectively enrich for polyadenylated
mRNA species. The latter represent RNA molecules transcribed by RNA
polymerase II and, to our current understanding, represent virtually all
protein coding RNA messengers.

• Ribosome fractionation followed by RNA sequencing addressing
transcripts associated with ribosomes corresponding to the actively
translated part of the transcriptome [13]. Thismethod not only highlights
which RNA molecules currently undergoing translation, but can also
be used for inferring the translational efficiency for each molecule,
depending on the frequencywithwhich that RNA is found inmonosomal
and polysomal ribo-fractions.

• Ribosome profiling (Ribo-Seq) or sequencing of ribosome-
protected RNA fragments allowing for detection of ribosome density
at nucleotide level resolution and revealing translation efficiency [14].
Despite a short, ~30 base sequence tag protected by a ribosome, this
method is very informative for characterizing translation dynamics.

While it is commonly recognized that polyA-selected RNA-Seq
libraries provide themost cost-efficient and comprehensive characteriza-
tion of the protein-coding component of a transcriptome, other methods
extend and enrich our understanding of transcriptome dynamics. Thus
the Ribo-Seq method has the potential to offer a method to detect
small (30 and fewer amino acids) open reading frames (ORF) such as
upstream ORFs — an ORF within the 5′ region of the mRNA, that is
commonly considered as untranslated, unless there is an evidence that
these regions are bound by ribosomes. The uORFs have been neglected
because of their size, but may be potent regulatory molecules [15].

Wemust also note that recent studies reported ribosome binding to
RNA that was previously considered non-coding [16]. It is thus possible
that a larger variety of transcripts participate in translation. However,
functional significance of such translational events remains unclear
and it has to be seen how many of them contribute to observable
phenotypic changes.

The aforementioned experimental approaches can be used to define
the current transcription state (see Fig. 1 for an overview of genome-
and transcriptome-associated processes that generate transcriptome
variation), namely:

1) the transcription level of each gene
2) the variety and abundance of transcript isoforms
3) novel open reading frames (ORFs) (e.g. short peptides missed in

gene annotations)
4) non-synonymous RNA-editing events
5) rearranged transcripts (e.g. gene fusion events due to carcinogenesis

or inherited genomic defects)
6) transcripts coming from disease agents or contaminations (e.g. RNA

from bacteria or parasites).

For organisms with complex transcriptomes, featuring many tran-
script isoforms per gene, inferring and quantifying transcript variants
from short sequence reads is challenging. In this case, third-generation
single-molecule sequencing (e.g. using Pacific Biosciences RS instrument
or other emerging technologies featuring sequence reads that can span
thousands of bases) or a combination of the former with short-read
technologies might hold the key for characterizing the complete set of
full-length transcripts [17].

In respect to experimental and computational challenges that tran-
scriptome reconstruction is facing, the proteogenomics approach has a



Fig. 1. Genetic and transcriptome-associated sources of proteome variation. Genome variants, differences in gene transcription, splicing, and editing all result in protein species that may
vary from sample to sample. Note that RNA-editing may introduce non-canonical RNA bases like inosine(I) in the most abundant A-to-I editing type. Inosine is recognized as a different
base (G) during the translation process.
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potential to help in assessing the performance of different platforms
and experimental approaches as well as the best combination of
bioinformatics tools for read alignment and de novo assembly.

Transcriptome profiling provides a rich source of data to guide
proteomics analyses. However, there are potential caveats of these
approaches that may result in data misinterpretation. A few examples
are given below:

1) proteins that are synthesized elsewhere and transported to the
studied tissue (examples: hemoglobin, albumin) may be not
included in the protein sequence database made exclusively
from RNA-Seq transcripts and therefore missed.

2) proteins whose half-life exceeds that of the correspondingmessenger
RNA significantly may be underrepresented in a protein sequence
database made exclusively from RNA-Seq transcripts.

3) the inadvertent selection of non-coding transcripts with internal
polyA stretches may lead to an increased chance for false positive
protein matches.

4) the presence of sequencing reads that originate from immature
transcripts and those corresponding to introns (the number of
intronic reads is often comparable to the number of reads mapped
to annotated exons) may further inflate the protein sequence
database.

These potential drawbacks make it challenging to marry genomics
and proteomics data in a joint proteogenomics approach. However,
the prospect of identifying a nearly-complete and highly representative
sample-specific protein species with a link to disease development or
important biological mechanisms is worth taking this challenge.

3. Proteomics — approaches and limitations

Current proteomics approaches result in partial sequence coverage
with large gaps. The presence of a protein may be confidently inferred
from the identification of only a few peptides, which together may
cover only 5% of the protein sequence. This rather incomplete view of
the proteome is in stark contrast to the complete sequence coverage
obtainable by DNA/RNA sequencing. Genetic variability may occur at
specific locations in the protein sequence leading to highly homologous
protein isoforms such as splice junction or single amino acid variants.
It is thus critical to look at the limitations of current proteomics
approaches and to define ways how to improve them with respect to

Image of Fig. 1
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sequence coverage.Wefirst considerwhat the current state of the art is in
high-throughput, bottom-up proteomics, and later discuss methods for
improving sequence coverage.
3.1. The mainstream shotgun bottom-up approach

Fragmentation of peptides in a tandemmass spectrometer occurs by
a mass selection and an activation step. The activation step imparts
energy and leads to peptide fragmentation preferentially at the
peptide bond. The two main activation methods are Collision-Induced
Dissociation (CID) and Electron Transfer Dissociation (ETD). The first
is available in most tandemMS instruments while ETD requires specific
instrumentation, although it is gaining rapid adoption in the proteomics
field. Other fragmentation methods exist (e.g. photon excitation, see
review by Oh [18]), but CID and ETD are most widely used as they are
more readily accessible in commercial instrumentation and provide
highly complementary information (Fig. 2). A combination of CID and
ETD has been recently described (EThcD) where peptides are first
subjected to ETD and the fragments subsequently to CID. This approach
alleviates the need to perform separate runs or run alternate scans using
CID and ETD. EThcD has been shown to significantly increase coverage
of the highly variable HLA class I-presented peptides [19].

For large scale proteomics, single-stage fragmentation (MS/MS or
MS2) is the norm, but multi-stage fragmentation (MSn) is possible
with some MS instrumentation (notably quadrupole ion traps). MSn

can increase structural information considerably and increase sequence
coverage, but at the expense of longer duty cycles, which renders these
approaches incompatible with high-resolution LC separations of
complex samples having peak widths of a few seconds. MSn is, however,
a viable option for low–complexity samples, for example, in-gel digested
proteins, where fewer peptides co-elute in a given time window.

The current mainstream proteomics approach to identifying proteins
in complex biological samples is based on protein digestion followed by
LC–MS/MS (bottom-up proteomics). This approach relies on the use of
proteases having clearly defined cleavage sites to digest all proteins in
themixture (typically trypsin) followed by analysis of the resulting highly
complex peptide mixture by data dependent (DDA) or independent
(DIA) LC–MS/MS. In DDA the mass spectrometer works in a sequential
mode acquiring first mass spectra without fragmentation (the so-called
survey scan) followed by fragmentation of the most abundant peptides
in the order of decreasing intensity. Already selected peptide ions are
subsequently excluded from further fragmentation for a certain time,
typically corresponding to twice the peakwidth at half height. Depending
on the duty cycle, sample complexity and sensitivity of the mass spec-
trometer, up to 20 peptide ions are selected for fragmentation during
each MS cycle. Generally peptides with a charge of +2, +3 or +4 and
with ion intensities above a user-defined threshold are automatically
chosen for fragmentation. While in DDA the mass of the intact peptide
prior to fragmentation is generally knownwithin a narrowmasswindow,
sampling across the chromatographic peak is stochastic. In DIA, such as
SWATH [20] and MSE [21], a survey scan is followed by fragmentation
of peptide ions across a range of m/z values resulting in MS/MS spectra
from multiple precursors simultaneously. A critical point in DIA is to
match the fragment ion spectra to the corresponding precursor ions.
This can be done by superimposing the chromatographic elution profiles
of peptideprecursor and fragment ions (so-called spectral deconvolution)
or bymatching fragment ion spectra to spectral libraries [22–24].Multiple
Fig. 2. Principles of peptide fragmentation leading to incomplete sequence reads in proteomics.
z for C terminal fragments) obtained with collision induced dissociation (CID; purple) or electro
series for the peptide KIQVLQQQADDAEER that is suitable to establish the complete amino acid
serieswith gaps of the peptide EANFDINQLYDCNWVVVNCSTPGNFFHVLR. Red arrows show the
These gaps are only partially covered by the corresponding b ions for the larger gapmaking de n
gray. They may correspond to noise, non-interpreted fragment ions or fragment ions from coel
PeptideShaker [92]).
peptides may co-elute within the selection window of DDA resulting
in mixed or “chimeric” fragment ion spectra notably when analyzing
highly complex peptidemixtures that exceed the separation capacity
of the chromatographic column. Failing to assign fragment ions
unambiguously to a given peptide precursor ion renders identifications
ambiguous resulting in potential false positives or false negatives. Since
proteogenomics approaches use the same data acquisition strategies,
the problem of chimeric fragment ion spectra is not alleviated even
though they use sample-specific databases build from RNA-Seq or
exon DNA data.
3.2. Fragmentation mechanisms and peptide spectrum matching

The sequence information content of a tandem mass spectrum
depends primarily on the physicochemical properties of the fragmented
peptide. The extent to which the activation method can be tuned by
adjusting parameters is rather limited. In CID the amount of activation
energy is primarily determined by the adjustable collision energy. How-
ever, a higher energy does usually not lead to more primary fragments
(i.e. y- and b-ions generated by cleavage of a single peptide bond), but
rather results in the secondary break-up of primary fragments. Therefore,
collision energies in CID are optimized to obtain the highest yield of
primary fragments over precursor ions while avoiding the generation of
secondary and higher order fragments. The optimal energy is strongly
correlatedwith two characteristics of the peptides,mass and charge state.

The most important factor that determines whether complete
sequence information can be derived from an MS/MS spectrum is the
peptide sequence itself. The CID fragmentation mechanism of peptides
has been extensively studied (reviewed by Paizs and Suhai [25]). The
complex details reveal that it should not be viewed as a simple breaking
of the peptide bond and explain why certain members of an ion series
(e.g. b1 ions) cannot be detected since there is no conceivablemechanism
for their formation.

Peptide fragmentation by ETD proceeds through a different mecha-
nism than CID, as it makes use of ion-ion reactions to impart energy on
the peptide leading to fragmentation. The reagent ion is a negatively
charged aromatic radical anion derived, for example, from fluoranthene
or azobenzene [26,27] and capable of single-electron transfer to positively
charged peptide ions. In ETD, the bonds adjacent to the backbone amide
break most easily, but unlike in CID, this takes place at the C-terminal
side of the amide nitrogen, leading to c- and z-ion formation. ETD works
best with multiply charged cations [28] and is therefore an attractive
method for fragmentation of larger peptides and even intact proteins,
which have many positive charges and are incidentally also difficult
to fragment by CID. Fragmentation efficiency may vary significantly
between peptides resulting in few or no fragment ions as one extreme
and the generation of many, non-informative small fragment ions as the
other extreme.

In DDA not all peptides are submitted to fragmentation due to
‘undersampling’ (when too many peptides elute at a similar retention
time, the MS instrument does not have sufficient time to select all of
them for fragmentation), due to ion abundance not passing a preset
threshold considered necessary to produce high quality MS/MS spectra
or due to the exclusion of peptide ions with too low or too high charge
states. In addition to fragments originating from the target peptides,
MS/MS spectra contain noise peaks, which must be discriminated from
peptide-derived peaks. The ideal case, where a fragment ion spectrum
a) Schematic representation of a peptide fragment ion series (a, b, c for N-terminal and x, y,
n transfer dissociation (ETD; blue). b) Fragment ion (MS/MS) spectra with a complete ion
sequence either through database search (DBS) or de novo sequencing. c) Fragment ion

gaps corresponding to the FNGP andWNCDYLQNIDFNAE sequence tags in the y-ion series.
ovo interpretation of thisMS/MS spectrum impossible. Non-identified signals are shown in
uting peptides that fell into the precursor ion selection window. (visualization made with
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Image of Fig. 2
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allows an unambiguous de novo interpretation to establish the
entire amino acid sequence of a peptide is rare. Recent efforts in
the development of novel fragmentation methods as well the combi-
nation of such methods with chemical derivatization promise to
overcome the problem of incomplete fragment ion spectra.

The most successful and widely used strategy to analyze MS/MS
data is the database search approach (DBS). This approach requires
high-quality reference databases for matching peptide mass spectra
against a set of known proteins. Most commonly, public, species-wide
databases such as Ensembl [29], UniProt [30] or NCBI RefSeq [31] are
used. These databases contain sets of curated and predicted protein
sequences for a wide range of organisms. When using a public repository
as reference database, it is necessary tomake a choice between the use of
a well-defined set of proteins leading to more reliable identifications
or including entries with little or no experimental support for a more
complete identification of protein species.

DBS uses a target list of protein sequences that is hypothesized to be
present in the sample and calculates a similarity score between the list
of measured fragment ion masses and all possible theoretical fragment
ionmasses that can be predicted for the peptide calculated from a target
list of protein sequences. The ‘hit’ with the highest similarity score is
considered the peptide sequencematch (PSM) for a givenMS/MS spec-
trum. PSM scores require a statistical interpretation, which estimates
the false discovery rate (FDR) of the resulting peptide identifications.
There are two main statistical approaches to estimating the FDR of a
set of identified peptides. PeptideProphet estimates the FDR by fitting
different mathematical distributions to the correct and incorrect identi-
fications as part of a mixture model to estimate the number of correct
and incorrect PSMs [32]. This empirical Bayesian approach uses an
Expectation-Maximization algorithm to calculate the parameters of
the two sampling distributions. The target-decoy approach uses a
reversed or scrambled protein or peptide sequence list to estimate the
incorrect distribution. PeptideProphet can be applied to a decoy sequence
list to estimate the correct and incorrect distributions more accurately or
use complex semiparametric modeling of the two distributions. Many
other tools based on similar approaches have been developed to estimate
the FDR such as Percolator [33–35]. Recently, an additional validation
level was introduced, which calculates a peptide-level FDR by taking the
best PSM score for each peptide into account [36]. The size of the protein
sequence database used for DBS has a strong influence on the distribution
of correct and incorrect PSMs. Trying to match measured MS/MS spectra
to a large database containing many protein sequences that are absent in
the sample, increases the likelihood of erroneous PSMs. This situation is
challenging for empirical Bayesian approaches to discriminate between
correct and incorrect PSM score distributions. If precursor ion selection
is not unambiguous due to peptides with similar or identical masses
eluting close to each other, mixed fragment ion spectra are obtained,
which give a low score with automated identification tools [37,38]. In
this case it is better to submit mixed MS/MS spectra to search engines
that can dealwithmultiple identifications as implemented in Andromeda
[39], ProbIDtree [40] or JUMP [41]. It should be noted that the application
of target-decoy approaches has been criticized because it may provide
inaccurate FDR estimates for small datasets and multi-step database
searches [36,42]. It is thus pivotal to use a list of protein sequences that
corresponds as closely as possible to those in the measured proteome.
Increasing the reliability of PSMs and peptide identifications is of prime
importance in proteogenomics, since many splice isoforms and genetic
variants such as single amino acid variants can only be identified through
a single peptide. One way to improve the reliability of identifications
is to achieve a more distinct separation of the correct and incorrect
PSM score distributions. Besides the use of high-resolution mass
spectrometry this can be achieved by adding physicochemical
parameters measured in the separation step, such as retention time [43]
and isoelectric point [44], to the identification procedure. The ultimate
proof of a correct identification remains however a match between
the MS/MS spectrum of a given peptide (isoform- or genetic-variant-
related) and the MS/MS spectrum of the corresponding synthetic
peptide as shown by Kim et al. [1].

De novo sequencing tools may provide unambiguous identifications
but only for a small fraction of spectrawith high-intensity and complete
fragment ion series. For MS/MS spectra containing a limited number of
short gaps, de novo sequencing tools [45,46] may provide a list of all
possible peptide sequences, which can be filtered by comparison with
a target list of protein sequences, for example using a public protein
sequence database such as UniProt. Another popular approach is using
short sequential sequence-tags, which are deduced from the successive
fragments of an ion series without a gap [47]. The identified sequence
tag is then used together with the precursor ion mass to determine
the PSM score. The use of spectral libraries using consensus spectra
assembled from high-quality MS/MS spectra of identified peptides and
using a spectral similarity score, such as a dot product that takes the
intensity of fragment ion signals into account, is gaining acceptance in
the proteomics community since most detected peptides have already
been identified in other studies. It is thus critical that rigorous quality
control procedures be applied before admitting any MS/MS spectrum
into a peptide spectral library [48,49]. Themain identification approaches
based on PSMs are summarized in Fig. 3 and have been reviewed by
Nesvizhskii [50].

3.3. Identified proteins and proteins in the sample

There are several caveats when using public databases with respect
to identifying protein species:

1) the data posted in public databases might be incomplete and not all
protein species are reported, especially for non-model organisms

2) the reported protein species may not be reliable, depending on the
quality of the evidence supporting their presence ranging from
direct experimental evidence at the protein level to in silico predic-
tions. neXtProt categorizes protein evidence in five levels: evidence
at the protein level, evidence at the transcript level, evidence
inferred from homology (derived by sequence similarity of known
proteins in related species), evidence predicted from gene sequence
and uncertain [51].

3) the presence of “new” protein species in a sample due to genetic
rearrangements, for example, during cancer development

Amajor question is thus how to construct the database that contains
the protein sequences that we expect to be present in the analyzed
sample. By lack of any other source of information, best practice is to
use a high-quality manually curated protein sequence database like
Swiss-Prot or another database which contains a “best guess” of the
protein composition of the analyzed sample. This approach leads to
the generation of enormous sequence databases representing canonical
sequences, the longest sequences explaining themost common forms of
gene products. Using such “average” protein sequence databases leaves
a considerable number of high-qualityMS/MS spectra unidentified, part
of which can be attributed to sequence variants that are absent from the
consensus database. The peptide identification rate is an important
quality parameter of the DDA LC–MS/MS dataset, since low rates may
be attributed to poor quality and/or chimeric MS/MS spectra, unexpected
post-translational modifications or absence of the protein sequence that
contains the measured peptide from the protein database. Fig. 4 shows
the intensity distribution of isotope clusters in single-stage MS data that,
based on the isotope distribution, are assumed to correspond to peptides
(in gray), the intensity distribution of clusters that were selected for
fragmentation (in red) and those clusters leading to PSM-based identifi-
cations after statistical validation (in green) illustrating the low rate at
which peptide-related isotope clusters lead to peptide identifications in
a typical DDA LC–MS/MS experiment [52].

The ultimate goal, reconstitution of the list of all proteins that
are present in the actual sample, is particularly difficult with shotgun



Fig. 3. Overview of the principal MS/MS spectrummatching strategies for peptide identification. Identification of the primary sequence of a peptide based on an MS/MS spectrum can be
performed by correlating it with theoretical spectra predicted from a protein sequence database for precursor ions within a given m/z window (DBS approach) or against high-quality
consensus spectra from a spectral library (spectral library search). The de novo sequencing approach does not rely on a reference protein sequence database to determine the amino
acid sequence of a peptide. Hybrid peptide spectral matching (PSM) approaches such as the short-sequence-tag-assisted database search start with identification of short sequence
tags (length 3 amino acids in this illustration), which is followed by DBS in which the list of candidate peptides is restricted to those peptides that contain the identified sequence tag,
have the same precursor ion and mass tags that correspond to the mass values before and after the short identified sequence tag (adapted from Fig. 2 in [50]).
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proteomics, since only a small fraction of the peptides is identified
based on PSMs (see Fig. 4). Another difficulty is that many peptides
do not map uniquely to one protein species. One reason for the low
sequence coverage and the large number of shared peptides is the
widespread use of trypsin as the only protease determining the
length distribution of peptides resulting from a particular proteome.
A limitation of short peptides is that they are very often not specific
enough to match uniquely to one particular protein. Taken together,
this leads to the so-called protein inference problem (PIP). In this
procedure a list of peptides, that were identified confidently with a
fixed FDR, is used to reconstruct a minimal set of protein groups
from the original set of protein sequences that formed the basis of
the PSM-based database search. Protein groups contain proteins with
different sequences that cannot be discriminated from each other
based on the reconstituted PSMs. A classification hierarchy with
respect to protein/peptide sequence redundancy has been proposed by
Farrah et al. [53]. PSMs used for protein assembly contain false positives
and the fact that erroneous PSMs are distributed randomly throughout
the proteome, while multiple correctly identified peptides tend to map
to the same protein, leads to higher FDRs for proteins compared to FDRs
at the PSM level. It is therefore necessary to estimate the FDR also at the
protein level. This limitation in combination with the PIP currently pre-
vents us fromdetermining the real protein composition in biological sam-
ples using a bottom-up, shotgun proteomics approach and specifically to
identify or differentiate protein species in a biological sample. A top-down
proteomics approach, providing sequence information on intact proteins,
overcomes these specific limitations and is an attractive alternative if it
can be employed on a proteome-wide scale, for which a number of
technical hurdles still have to be taken. An intermediate approach,
where larger peptides are analyzed than in the typical tryptic digests,
may proof to be the best compromise between data quality and technical
feasibility. This so-called middle-down proteomics approach is described
in more detail in Section 4.2.

It is clear from the above that current large-scale proteomics efforts
fail to capture the major part of protein variability and that novel
approaches are needed. One way forward is making use of genomics
and transcriptomics data to generate dedicated databases to guide
proteomics data analysis, the so-called proteogenomics approach.
Aggregate databases or multistep database searches in a subset of
large sequence databases are widely used for this purpose. Aggregating
multiple databases or performing PSM-based identifications in multiple
steps explodes, however, the search space leading to high error rates,
which are difficult to estimate with current approaches such as the
target-decoy FDR calculation. For example, Kim et al. followed a 7-step
identification procedure using SEQUEST and Mascot in a combination
of 7 databases [1]. The first search was performed using the human
Reference Sequence (RefSeq) database (the RefSeq database contains
well annotated non-redundant DNA, transcript and protein sequences)

Image of Fig. 3


Fig. 4. Histogram of the frequency of the detected peptide-related isotope clusters in an
LC-MS/MS run for single-stage MS (gray), isotope clusters submitted for fragmentation
(red) and identified peptides (green). Data was filtered for peptides eluting between 5 and
30% of organic phase and having a charge of +2 or more. The histogram is split into low,
medium and high abundance peptides (adapted from Fig. 2 in [52]).

Table 1
Example of protein predictions constructed by a proteogenomics approach [57].

Isoform source Predicted by DNA
and RNA-Seq

Confirmed
by MS/MS

Public gene annotation 32,971 13,088
Non-synonymous DNA polymorphisms 6187 126a

Predicted gene models supported by RNA-Seq 2903 1187
Splicing events 2545 83a

Non-synonymous RNA-editing 196 20a

a The proportion is small, since peptide identification has to overlap the variable sites.
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[31]. All unmatched spectra were submitted for DBS against (1) a 6-
frame-translated hg19 human genome database from NCBI, (2) 3-
frame-translated RefSeq mRNA sequences, (3) a 3-frame-translated
pseudogene database with sequences derived from NCBI and Gerstein's
pseudogene database, (4) 3-frame-translated non-coding RNAs from
NONCODE [54], (5) an N-terminal peptide database derived from
RefSeq mRNA sequences from NCBI and (6) a signal peptide database
from SignalP and HPRD. Using this PSM identification approach the au-
thors identified protein products for 17 294 genes, 223 385 exons, 4 105
N-termini, 66 947 exon-exon junctions, 329 signal peptide cleavage
sites, 193 novel protein coding regions (pseudogenes, non-coding RNAs,
upstream ORFs, other ORFs), 106 novel exons, 198 novel N-termini, 70
gene/protein extensions and 40 exon extensions. While impressive,
these results should be taken with care, as FDR estimation of multistep
DBS with large sequence databases is inaccurate [42,55] notwithstanding
the fact that 98 PSM-based identifications of novel peptide sequences
from various proteogenomics categories were confirmed based on MS/
MS spectra of the corresponding synthetic peptides. Problems with FDR
calculation were demonstrated by Ezkurdia et al. showing that in this
study 108 olfactory receptors were identified despite the fact that nasal
tissue was not included in the analysis [56]. The authors listed 3 main
reasons for the false identification of olfactory receptors: (1) no proper
distinction between discriminating and non-discriminating peptides,
resulting in the identification of olfactory receptors by peptides that
map to multiple genes, (2) misidentification of peptides having a gluta-
mine to pyroglutamic acid modification in non N-terminal positions and
(3) identifications that were based on low-quality spectra. In general
multistep DBS identification approaches using different databases for
different types of genetic variants and an adjusted FDR for each database
are preferred over a one-step large DBS identification procedure [42,85].
However the computational mass spectrometry community is currently
searching for the new approaches to select themost appropriate identifi-
cation and FDR calculation approach for the integration of large genome-
wide data datasets with proteomics data.

Other proteogenomics approaches did not use aggregated databases
or complex multistep identification approaches but databases derived
by RNA-Seq of mRNA from the same sample. This approach results in
much smaller protein sequence databases, which nevertheless include
a large number of highly homologous protein sequences. For example,
in a study by Low et al. 2D-LC–MS/MS proteomics data were acquired
from samples of liver tissue from hypertensive and control rats that
were digested with multiple proteases [57]. The data were analyzed
using a sample-specific database from genome and RNA-seq data.
From 2 million PSMs, 175,000 non-redundant peptides from 26,463
protein species were identified. In this study 1195 predicted genes
were validated, and evidence was found for 83 splice events, 126 single
amino acid variants and 20 isoformswith non-synonymous RNAediting
events (Table 1).

There is no agreement yet on the best approach to perform
proteogenomics analyses, but it is evident that smaller protein sequence
databases based on RNA-seq and genomics data are preferable due to the
more accurate search space. However, this approach is still not without
problems as protein sequences may be missed (see Section 2.2). The
conventional target-decoy estimation of FDR is not accurate in this case
and the best identification strategy is still under debate in the bioinfor-
matics community [55].

4. Matching genomics and proteomics — approaches to improving
protein sequence coverage

4.1. Predicting peptide fragmentation

Integration of current proteomics data with genomics or transcripto-
mics data is hampered by the fact that the experimental evidence for
peptide sequences is almost always incomplete and protein sequence
coverage is often low. To get unequivocal evidence of the entire peptide
sequence, without relying on a database, a complete fragment ion series
is required to allow de novo sequencing. Both DBS and de novo
sequencing algorithms mainly use the mass-to-charge ratio informa-
tion of the predicted fragment ions because prediction of fragment ion
intensity is rather inaccurate. While the study of peptide fragmentation
has provided some insight in the general mechanisms [25], prediction
of the relative intensity of peptide fragments is a complex issue. Some
progress has, however, been made based on purely physicochemical
parameters [58–60]. Prediction rules have also been empirically derived
for electrospray [61,62] and MALDI MS/MS data [63], which differ
primarily in the charge state of the generated peptide ions. Lack of
standardization of fragmentation conditions complicates predictions
further. Different ionization techniques (ESI vs MALDI) and tandem
mass analyzers (e.g. ion trap vs Q-ToF) produce different MS and
MS/MS data, although the same main peptide fragment ion series are
typically detected. However, in all cases inhomogeneous fragmentation
is observed with peptide bond cleavage adjacent to certain amino acid
residues being more prevalent. For instance, proline uniquely has
an imine-group that strongly favors fragmentation of the peptide
bond at its N-terminal side [64]. Other prevalent residue- or
sequence-dependent fragmentation mechanisms have been reported,
specifically providing fragments at the C-terminal side of acidic residues
[65]. In addition to residue-specific fragmentation, the position of a
residue within a peptide influences the fragmentation behavior. The
large dynamic range in fragment ion intensity leads to the observation
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that MS/MS spectra of intense precursor ions are more likely to show
complete ion series than low-intensity precursors. The greatly disparate
fragment ion intensities can only be controlled to a limited extent by
adjusting instrumental parameters, and the most viable solution is to
change peptide properties.

4.2. Protein digestion methods

The residue specificity of the digestion method has two key effects
on peptide fragmentation and sequence coverage. First, the average
length and mass of the generated peptides are strongly affected. Larger
peptides are more difficult to fragment, particularly in CID, due to the
distribution of the collision energy across multiple chemical bonds in
large molecules. The second effect concerns residue distribution, in
particular of those with distinct proton affinities due to acidic and
basic side chain moieties [66]. Tryptic peptides will always have a
basic Arg or Lys at the C-terminus (except for the C-terminal peptide
of the protein), and an indeterminate number and distribution of acidic
residues, while peptides of a GluC protein digest likewise have Glu
and sometimes Asp at the C-terminus and a variable composition of
basic residues. None of the available digestion methods can provide
full peptide and protein sequence coverage, but the combination of
information from multiple digestions yields complementary data [67]
and is often used to cover the complete sequence of, for example,
biopharmaceutical proteins, for which some new, unusual proteases
are being evaluated [68].

Trypsin is the protease of choice in bottom-up proteomics since it
produces peptides of lengths and composition that are amenable to
ionization and fragmentation. For example, the average and median
peptide mass upon full tryptic cleavage of the human proteome is
around 1100Da and 800Da, respectively. There are on average 1.2 acidic
(Asp and Glu) and 1.3 basic residues (Lys, Arg and His) per tryptic
peptide. The relatively short peptides produced by trypsin have draw-
backs for complete protein sequence coverage, and alternative cleavage
methods deserve consideration [60]. While nonspecific proteases such
as elastase and pepsin, producing even shorter peptides, are sometimes
used, a more promising approach for high sequence coverage, while at
the same time reducing the peptide interference problem, is to target
larger peptides. Instrumental improvements in CID methods and the
development of ETD allow fragmentation of larger peptides and open
the way to so-called middle-down proteomics [69], situated between
standard, bottom-up proteomics targeting peptides of 1–3 kDa and
top-down proteomics, targeting intact proteins using somewhat
specialized equipment [70]. The mass range between 3 and 10 kDa
may well prove to be optimal for reaching full protein coverage, and
peptides in this range can be produced by targeting rare residues,
such as Met, Cys, Tyr and Trp, which can be achieved by chemical or
electrochemical digestion methods.

A particularly interesting chemical cleavage reagent is cyanogen bro-
mide (CNBr). This reagent has found use in membrane protein analysis
due to its specificity forMet, which is overrepresented in transmembrane
helices (TMHs). CNBr reacts well within detergent-solubilized TMH
protein regions, unlike the more bulky proteases. As an added benefit
CNBr cleavage produces a homoserine lactone upon cleavage, which is a
formof active ester and allows amidation at basic pH [71], a derivatization
step which may also be employed to improve fragmentation (see next
section). The average and median peptide mass upon full CNBr cleavage
of the human proteome is around 5000 Da and 3300 Da, respectively,
with on average of 5.4 acidic (Asp and Glu) and 6.4 basic residues
(Lys, Arg and His) per CNBr peptide. Peptides in this size range are
still amenable to reversed phase LC–MS and their expected high charge
state combined with their high mass make them ideal candidates for
ETD fragmentation.

An alternative cleavage method studied in our group uses electro-
chemical (EC) oxidation of Tyr and Trp [72–74] and shares the advantages
of CNBr cleavage of higher average peptide mass than trypsin (average
and median of 2800 Da and 1810 Da, respectively) and a C-terminal
activated spirolactone suitable for amidation [75]. There are on average
3.0 acidic (Asp and Glu) and 3.5 basic residues (Lys, Arg and His) per
EC-generated peptide.

4.3. Derivatization methods

Another strategy to attainmore complete sequence coverage involves
chemical derivatization to introduce groups that affect fragmentation by
changing the chemical properties of the peptide. Due to its reactivity,
by far the most common target for derivatization of peptides is the
N-terminal amine, but depending on the experimental conditions, the
ε-amine group of lysine may also be derivatized. Guanidination of the
ε-amine group by its selective reaction with o-methylisourea transforms
it into homoarginine with a pKa similar to that of arginine making it
unreactive during subsequent labeling of the N-terminal amine [76].
C-terminal labeling is less frequently used in proteomics, since the
reactivity of the carboxylic acid group in aqueous buffers is low. Chemical
activation is possible and certain cleavage reactions activate the
C-terminus of a peptide by lactone formation (see previous section).

Derivatization with groups carrying a permanent charge such
as quaternary ammonium or phosphonium ions (e.g. tris(2,4,6-
trimethoxyphenyl)-phosphonium or TMPP) has been used for a
long time in MS to improve ionization. The presence of a permanent
charge at the N- or C-terminus in a peptide greatly favors the formation
and prominence of b- and y-ions, respectively [77]. While most
commonly used for N-terminal derivatization [78], C-terminal derivati-
zation with TMPP has been shown to improve peptide fragmentation
[79], in particular of the C-terminal peptide of proteins and GluC-
derived peptides.

Tertiary amines have a high proton affinity, and when used for
N-terminal and lysine amine derivatization in combination with tryptic
digestion, lead to peptides with comparably basic groups at both the
C- and N-terminal side. Tertiary amines are commonly used in
isobaric labeling reagents, such as TMT and iTRAQ, and have been
shown to lead to more homogeneous fragmentation and the presence
of abundant b- and y-ions [80,81]. As in most derivatization methods,
fragments derived from the reagent (including, but not limited to TMT
and iTRAQ isotopically-labeled reporter ions) contribute to the MS/MS
spectra, but do not seem to negatively affect sequence ion yields.
Interestingly, acetylation of the N-terminus has also been reported to
enhance the b-ion series and suppress the y-ion series [77]. Another
benefit of N-terminal modification is that the b1 ion is commonly
observed, unlike in underivatized peptides. Finally, the mass increase
imparted by the derivatization reagent should be taken into account
for selection of peptide precursor ions, since it can be considerable.
For example, 8-plex iTRAQ used on a single Lys-containing peptide
increases the mass by two times at 304 Da.

The location of the proton(s) along the peptide backbone or side
chains has a direct effect on fragmentation by CID. The mobile proton
model has been proposed to explain fragmentation behavior of peptides
with basic residues at different locations [25,47,82]. This is most strik-
ingly observed in singly-charged peptides, which give rise to mainly
y-type ions derived from the C-terminus while b-ions, derived from
the N-terminus are less frequently observed because of the tendency
of charge retention on the more basic C-terminus.

In tryptic peptides, where there are no or fewmobile protons due to
the basic C-terminal residue, peptide fragmentation can be strongly
influenced by negative charge derivatization. Introduction of a negative
charge at the N-terminus of peptides has been shown to drastically
improveMS/MS spectral quality bymitigating the effect of basic residues,
and ensuring the presence of a mobile proton. Derivatization with
sulfonic acid groups at the N-terminus is the most commonly employed
method, in the form of 4-sulphophenyl isothiocyanate (SPITC),
sulfobenzoic acid or cysteic acid [83,84]. The presence of a (nearly)
complete y-ion series greatly facilitates de novo sequencing (Fig. 5).



Fig. 5. Improvement in fragmentation upon charge-derivatization of a peptide. a) MALDI-TOF/TOF fragmentation spectrum of the underivatized peptide DYYFALAHTVR (charge state
+1); b) MALDI-TOF/TOF of the same peptide after derivatization of the N-terminus with SPTIC, showing a complete y-ion series and the absence of b-ions; c) reaction of SPITC with a
peptide N-terminus.
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The loss of peptides during chemical derivatization and the potentially
detrimental effect on MS sensitivity prevented the wider acceptance of
derivatization for large-scale proteomics experiments. A notable excep-
tion is the use of isotopically labeled iTRAQ or TMT for quantitative prote-
omics, which shows that with careful optimization of reaction conditions,
peptide and signal loss can be minimized. In general, derivatization of
peptides opens new routes to influencing their fragmentation and
complements the use of different fragmentation methods. In the ideal
situation every peptide would be equally well ionized and each of its
peptide bonds would fragment with the same probability resulting in
fragments from all expected ion series with the same abundance. An
acceptable compromise with respect to peptide sensitivity and fragment
intensity using a single combination of digestion method, labeling
chemistry, ionization method, and fragmentation method is most likely
not feasible for most proteins and the use of complementary methods
will remain necessary.

5. Proteogenomics data integration— an example

The value of proteogenomics data integration was shown in several
recent studies [85]. One of these studies, by Low et al., which was
already briefly discussed in Section 3.3, set out to investigate differences
between spontaneously hypertensive and normotensive rats, common
models for hypertension research [57]. Genome sequences of these
inbred rats identified over ten thousand non-synonymous variants in
four-and-a-half thousandprotein-coding genes. The liver transcriptome
constructed for these strains further enriched the assortment of protein
isoforms due to splicing (over one thousand genes), confirmed gene
predictions (almost three thousand) and RNA editing (two hundred
non-synonymous changes), many of which were also detected at the
peptide level (see Section 3.3 and Table 1).

Previous genomic and physiological studies generated large lists of
candidate genes [86–88]. The inherited hypertension phenotype in
this model suggests that disease is caused by a genetic defect that
should manifest itself at the transcriptome and proteome levels. While
hundreds of genes showed differential expression at the RNA and
proteome level, only 41 genes showed consistent changes at both levels,
including a prominent hit from a human genome wide association
study, the Cyp17a1 gene [89]. Despite initial failure to identify a functional
variant causing this deregulation based on public gene annotation,
transcriptome data highlighted an additional exon (missing in the public
gene build) and an adjacent DNA polymorphism. This change in the
Cyp17a1 core promoter is hypothesized to alter a forkhead-box DNA
binding site and is likely responsible for abolition of transcription and
the virtual absence of the protein product in hypertensive rats.

Although the effect of this DNA polymorphism still has to be shown,
modern genome editing tools allow direct testing of this hypothesis, e.g.
by editing the forkhead-boxDNAbinding site in normotensive rats or by
recovering its function in hypertensive rats. This study represents an
example how an integrated proteogenomics approach identified a
potential causative DNA variant for a gene that might prove to be a
common cross-specific modulator of hypertension.

6. Concluding remarks

Next generation DNA/RNA sequencing has opened the possibility to
study inter-individual variability at the genome and transcriptome level
revealing thousands of changes in coding and non-coding regions.
Trying to translate these changes into personalized or precision medi-
cine to predict disease susceptibility or prevent disease development
has, however, remained difficult. To aid in this transition, it is critical
to investigate how genetic variability and environmental factors reflect
on the proteome by integrating genomic/transcriptomic and proteomic
data in what is called proteogenomics. Integrative analysis of genome,
transcriptome and proteome data can deliver a better insight into inter-
actions between ‘Omics layers’ and may pinpoint potential disease
factors that escape compensatory regulation and therefore manifest
themselves at multiple levels [57]. Several recent studies aim at
streamlining proteogenomics data analysis by integrating ribosome
profiling and MS data (e.g. the PROTEOFORMER tool) [90] or by analyz-
ing and visualizing proteogenomics data (e.g. with PGTools) [91].

This review provides an overview of current limitations in proteo-
micsmethodology notablywith respect to obtaining complete fragment
ion mass spectra that allow reading the entire amino acid sequence of a
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peptide and ultimately of the corresponding protein, as this forms the
basis of detecting protein species resulting from genetic variability.
Indeed current proteomics methodology captures only a small part of
proteomic variability resulting from genetic variability. A first step is
to use individualized sequence databases as reference for proteomic
data analysis. It is clear that, even then, much of the proteomic landscape
will remain invisible but tools such as derivatisation or middle-down
proteomics are being developed to improve the situation by increasing
the protein sequence coverage and it is conceivable that our view on
how genetic variability influences biological networks and phenotypes
will become more complete.
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