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30 March 2009 Trinity Hall

The completion of the human genome has shifted attention from deciphering the
sequence to the identification and characterisation of the functional components.
Availability of the genome sequence has fostered an array of high-throughput
technologies to systematically probe gene function on a genome-wide scale at all
levels of biological information flow, from the DNA sequence over transcripts to
proteins. A powerful approach to study gene function on protein level is the iden-
tification and quantification of proteins in complex mixtures by mass spectrom-
etry. Despite significant technological and methodological advances, the com-
plexity and the dynamic range of proteomes still pose major challenges for the
analysis of biological samples.

Based on an integrative bioinformatics analysis, I examine the composition of
mass spectrometry proteomics datasets with respect to the coverage of the par-
ticular proteome under study as well as the protein-coding genome as a whole.
Using the example of a large-scale collaborative study of protein expression in
human brain tissue, I point out characteristics of mass spectrometry proteomics
datasets in terms of resolution and functional composition. On the basis of a
comprehensive survey of publicly available proteomics data in the context of
the genome sequence, I assess to what extent the findings from the analysis of
the brain proteome study reflect global trends in mass spectrometry based pro-
teomics. Following on from the results obtained by the analysis of experimental
data, I outline and evaluate a strategy to improve the selectivity and sensitivity of
target driven proteomics through diversification of peptide populations by com-
binatorial proteolysis.

The results presented in this dissertation show that mass spectrometry is an in-
dispensable tool for large-scale protein research. However, they also demonstrate
profound shortcomings of the technology regarding composition, redundancy
and resolution of the generated data, emphasising the need for more targeted
and systematic approaches to proteomics. The proposed combinatorial strategy
contributes towards this aim by significantly increasing the coverage of the pro-
teome by protein-specific signature peptides that are suitable reporter candidates
for targeted proteomics experiments based on single reaction monitoring.
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Minimal and maximal explanatory set of protein identifications In this
text minimal explanatory set of protein identifications refers to the parsi-
monious or least complex set of proteins that can explain the peptide se-
quences observed in a mass spectrometry experiment. Often, for a given
set of peptides many, equally valid minimal explanatory protein sets ex-
ist that cannot be distinguished based on the peptide evidence. Maximal
explanatory set refers to the set of proteins that includes all proteins, the ob-
served set of peptide sequences can potentially originate from. That is, the
maximal explanatory set of protein identifications comprises all alterna-
tive hypothesis for the peptide evidence. For a given set of peptides there

is only one maximal explanatory set of protein identifications.
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Chapter 1

Introduction

1.1 Proteomics: the large-scale study of protein

function

The Oxford Dictionary of Biochemistry and Molecular Biology defines the
proteome as “the complete expression profile of the proteins of an organ-
ism” and proteomics as “the study of the proteome by the analysis of pro-

tein structure and composition” [1].

In general the term proteome, first coined by Marc Wilkins at the 1st Siena
2D-Electrophoresis meeting in 1994 [2], is loosely defined. It can refer to
the protein complement not only of an organism, but also that of a sub-
cellular structure, compartment, organelle, cell, or tissue ,expressed at a
specific point in time, usually in a defined biological or pathological state.
The idea of identifying and analysing all proteins encoded by a genome
was proposed in the mid 1990s [3] and the first proteome-scale analysis of
a eukaryote was presented by Shevchenko and colleagues [4] in 1996.

1.2 Annotating the human proteome

Any genome is only as valuable as its annotation [5], and the immense task

of adding value to the human genome sequence has only just begun. Func-

1



1.2 Annotating the human proteome 2

tional sequence elements, including genes need to be identified and their
function elucidated. The classical reductionist approach to function de-
termination is no longer sufficient due to the magnitude of the undertak-
ing. Instead, an array of ‘omics’ technologies have emerged to probe the
function of many or all genes and their products in a single experiment.
The field of proteomics has produced tools to systematically study pro-
teins, enabling their identification in complex protein mixtures, the study
of protein-protein interactions, the determination of protein structure and
subcellular localisation, the measurement of changes in their abundance,
distribution and modification as well as the characterisation of their bio-

chemical activity.

1.2.1 The magnitude of the task

When the first draft of the human genome sequence was published in
2001 [6, 7] the number of protein-coding genes was estimated to be around
30000 to 40000. With the availability of the nearly finished sequence of
the human euchromatic genome [8], along with expanded complimen-
tary DNA (cDNA) libraries, genomes of other organisms and improved
computational methods for gene prediction this number has been adjusted
to 20000 to 25000 protein-coding genes. The Ensembl automatic genome
annotation system [9] reports 21804 protein-coding genes in the current
release of Ensembl (53) [10, 11], which is based on the National Center
for Biotechnology Information (NCBI) assembly 36 (November 2005). Of
these 21731 are known and 73 'novel” genes. The former are predicted on
the basis of curated and partially curated species-specific evidence while
predictions of the latter are based on other experimental evidence such as
protein and cDNA sequence information from related species.

Automated gene annotation has now been complemented by manual cu-
ration, including a careful review of gene structure and an examination
of expressed sequence tag (EST) and transcript evidence. The Vertebrate
Genome Annotation (VEGA) database is a central repository for manually
annotated genome sequences which currently covers 20 of the 24 human
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chromosomes [12]. Although greatly improving the gene models, manual
annotation has not significantly affected the total gene count.

The relatively low number of human genes suggests that the complexity of
human biology is achieved through regulation on the transcriptional, post-
transcriptional and post-translational level. Alternative splicing [13, 14]
and translation [15, 16] as well as post-translational modifications such
as phosphorylation, glycosylation and proteolytic processing contribute
to a “proteomic stratification” that produces a protein population with
a diversity that is several orders of magnitude higher than that of the
number of genes encoding them. Correspondingly, it has been estimated
that the human proteome comprises as many as 1000000 different protein

species [17].

1.2.2 The study of gene function at the protein level

Studying gene function at the protein level is vital to the understanding
of how cells, tissues and organisms perform their function. Proteins are
the active agents of a cell. They are the end-point of biological information
flow from the genome sequence over messenger RNA (mRNA) to the gene
product and thus closest to the phenotypic manifestation of a genotype.
Their assembly into functional modules such as protein complexes, com-
partments and pathways can be studied directly only at the protein level.
Furthermore, proteins are subjected to a high degree of post-translational
modification and regulation. Variations in protein isoforms and quanti-
ties that underlie phenotypic variations are often difficult or impossible to
deduce from DNA or transcript level information alone.

Functional studies of proteins can be divided into three categories: i) pro-
tein identification, ii) protein characterisation and iii) protein quantifica-
tion. Protein identification experiments provide evidence for the presence
of a protein in a sample and are used to identify components of protein
complexes or the protein constituents of a subcellular compartment, cell
or tissue. Protein characterisation studies aim to determine the biochemi-

cal and biophysical properties of proteins. This includes measurement of
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enzymatic activities, determination of the three-dimensional structures of
proteins and complexes, measurement of affinity to other biopolymers or
studies of transient and stable modification of proteins. The goal of pro-
tein quantification is the determination of the stoichiometry of proteins in
complexes, organelles, pathways and cells and its variation across differ-
ent physiological and pathophysiological states.

1.2.3 From single protein characterisation to global ap-

proaches

The classical reductionist approach to studing complex biological systems
is to dissect them into individual components and determine the connec-
tions between the components on the basis of their individual physico-
chemical properties [18]. Though this approach has been extremely suc-
cessful in elucidating many biological phenomena over the last century in-
sights gained from the genome sequence gave the impulse for a paradigm
shift away from the reductionist viewpoint towards a system level ap-
proach to biology. It has been recognised that specificity of complex bi-
ological activity is not only achieved through specificity at component
level but is also the result of the complex interactions between the com-
ponents [18]. While the availability of the sequenced genome forms an
important part of this reasoning, it is also the basis for an expansion of
molecular biology from single molecule to genome-wide analyses [19].
Along with recent technological advances, it has enabled experimental
approaches in proteomics capable of measuring protein expression, post-
translational modifications and subcellular localisation of proteins as well

as their assembly into complexes and pathways on a proteome-wide scale.
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1.3 Identification of proteins in complex sam-

ples

Central to many proteomics approaches is the ability to identify proteins
in complex samples. Proteins can be identified based on structural and
compositional features. Sequence based approaches rely on information
about the primary structure, i.e. the ordered amino acid composition of
the protein. Immunological approaches identify a protein using antibod-
ies that specifically recognise and bind features of the tertiary, i.e. three-

dimensional, structure of the protein.

1.3.1 Immunological identification

Immunological identification is based on the detection of proteins by anti-
bodies, highly specific affinity agents, produced by the immune system to

detect and eliminate exogenous molecules [20].

Advantages of antibody based protein identification are the high sensitiv-
ity and specificity of antibodies. Antibodies can detect very low quantities
of protein in many different contexts in situ and ex situ. This makes them

very versatile tools for protein identification.

The availability of genome sequences has enabled the systematic large-
scale production of antibodies. Bioinformatics algorithms are employed
to identify coding sequences suitable for high-throughput cloning and ex-
pression of protein fragments. These fragments are subsequently used as

antigens to raise antibodies against the target protein [21].

Despite significant automation, however, antibody generation and valida-
tion is still a laborious and expensive process. Currently, antibodies are
only available for a relatively limited set of proteins. Once antibodies be-
come available for a larger percentage of proteins, protein arrays - ordered
sets of antibody probes - will become an important tool for the large-scale
measurement of protein expression. So-called inverse phase arrays are
already used for the systematic analysis of tissue expression on protein
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level [22]. This technology has recently been extended to include cell sam-
ples [23].

1.3.2 Sequence based identification

Sequence based identification of proteins is based on the determination
of their composition; protein sequencing refers to the determination of the
ordered amino acid composition of a protein. Technological, methodologi-
cal and computational limitations currently do not allow to determination
of the sequence of a protein directly. Instead the sequence of a subset of its
peptides is determined which is then used for protein identification.

1.3.2.1 Protein identification by Edman degradation

Until the early 1990s the most common approach used to directly deter-
mine the amino acid sequence of a peptide was Edman degradation. The
method, introduced by Per Edman in 1950, is based on cyclic degradation
of proteins with phenylisothiocyanate [24]. The detached amino acids are
subsequently identified by ultra violet (UV) absorbance spectroscopy. De-
spite the automation of the process in the late sixties [25, 26, 27], with a
cycle time of one hour per amino acid, determination by Edman degrada-

tion remains a slow and inefficient process.

1.3.2.2 Protein identification by mass spectrometry

In the mid 1990s Edman degradation was replaced by mass spectrometry
(MS) based approaches as the method of choice to determine the amino
acid sequences of peptides. In MS the elemental composition of a sample is
determined based on the mass-to-charge (m/z) ratio of ionised molecules
or molecule fragments generated from the sample. The m/z ratio is mea-
sured based on the motion of the ions as they pass through an electromag-
netic field [28].

The foundations of modern mass spectrometry were laid by Eugen Gold-
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stein and Wilhelm Wien in the late 19th century. The first fully functional
mass spectrometers were built by Arthur Demster and Francis Aston in
1918 and 1919 [29].

Mass spectrometry of biopolymers including proteins and peptides had
become feasible towards the end of the 1980s due to the introduction of
two new ionisation methods, electrospray ionisation (ESI) [30] and soft
laser ionisation (SLD) more commonly referred to as matrix-assisted laser
desorption/ionisation (MALDI) [31, 32]. These so-called 'soft” ionisa-
tion methods enabled the ionisation of large, non-volatile biomolecules
too fragile for ionisation by more conventional methods, making them
amenable to analysis by a mass spectrometer [33, 34]. Mass spectrome-
try is central to the rapid developments in the field of proteomics over the
last two decades as it has enabled the high-throughput identification of
proteins in complex mixtures. It is a primary and secondary tool in many
experimental approaches in proteomics some of which will be introduces
later on in this chapter. First, mass spectrometry based protein identifica-
tion will be discussed in detail in the following.

1.4 The mass spectrometry based proteomics ex-

periment

An overview of a typical MS based proteomics experiment is shown in
tigure 1.1. Proteins are prepared from a biological specimen, e.g. a tissue
sample or cell culture. The protein extract may then be fractionated for
example by gel electrophoresis or centrifugation. For practical reasons,
which will be discussed in more detail below, it is peptides, not intact
proteins, that are subjected to mass spectrometry. Proteins are digested
with a sequence specific protease, usually trypsin, and the resulting
peptides are separated by chromatography, e.g. high pressure liquid
chromatography (HPLC) or ion exchange chromatography (IEC). Pep-
tides leaving the chromatography column are ionised for injection into the
mass spectrometer. This happens either online in the case of ESI, which
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can be directly coupled to the chromatograph (as depicted in figure 1.1) or
offline in the case of MALDI where liquid chromatography (LC) fractions
are first deposited on a metal target before automated analysis. The
most common mode of mass spectrometry is tandem MS, a two stage
process, that results in two different types of spectra being recorded:
tirstly, the MS, MS1 or precursor ion spectrum, which is the mass spectrum
of peptides that eluted from the column at a specific point in time and
secondly, the MS/MS, MS2 or product ion spectrum, which is the mass
spectrum of fragment ions generated from selected precursor ions, usually
through collision with an inert gas. The final step is the computational
analysis to obtain peptide sequence information from the recorded spectra
by matching them against theoretical spectra derived from a sequence
database. A protein sequence database is then searched with the obtained
peptide sequence information for protein inference. In the following sec-

tions the individual steps of a MS experiment are discussed in more detail.

biological protein protein proteolytic peptide peptide mass computational
sample extraction fractionation  digest separation ionisation spectrometry analysis

»%»

Figure 1.1: Overview of a typical MS based proteomics experiment. Start-
ing from a biological sample, proteins are extracted, which may or may
not be fractionated, for example by SDS-PAGE, before they are subjected
to a proteolytic digest, usually with trypsin. The resulting peptides are
separated, often by HPLC, and ionised for analysis in a mass spectrome-
ter. The recorded mass spectra are evaluated computationally for peptide
sequencing and protein identification.

. (3:?)%!
S5

miz




1.4 The mass spectrometry based proteomics experiment 9

1.4.1 Protein preparation and fractionation

Depending on the sample preparation and fractionation steps, proteomics
techniques can be divided into gel-based and gel-free methods.

The first approach to characterise complex protein mixtures was separa-
tion by two-dimensional (2D)-PAGE followed by MALDI-MS [35]. Pro-
teins are separated by their isoelectric point in the first dimension and their
mass in the second dimension. The advantage of gel-based methods is the
low degree of complexity of the analysed gel spots as well as the straight-
forward resolution of protein isoforms. However, the method suffers from
various shortcomings such as the limited dynamic range, throughput and
sample coverage. Another problem is the selection against hydrophobic
proteins inherent to gel-based separation, hampering the analysis of im-
portant protein classes such as transmembrane proteins [36, 37, 38]. There-
fore, this approach is best suited to analyse less complex protein samples

or characterise specific proteins in detail.

Since the beginning of this decade, efforts have been focused on the de-
velopment of gel-free techniques allowing a less biased and more compre-
hensive analysis of complex protein samples. In an approach also referred
to as ‘shotgun’ proteomics, peptides obtained from the digestion of unsep-
arated proteins are extensively fractionated by capillary chromatography
and analysed by automated MS analysis. Online coupling of chromato-
graphic separation methods with ESI makes these techniques particularly
suitable for high-throughput analysis of protein mixtures. While conven-
tional HPLC can be used to analyse peptide mixtures of lower complex-
ity [39], high-resolution methods based on multi-dimensional fractiona-
tion are used for the analysis of highly complex samples [40]. Advantages
of shotgun proteomics are increased proteome coverage and scalability.
Disadvantages, on the other hand, are the high complexity of the anal-
ysed peptide mixture and the large amount of spectral data generated,
which poses significant informatics challenges regarding peptide and pro-
tein identification. Furthermore, shotgun proteomics suffers from a lim-

ited dynamic range and a high degree of redundancy [41].
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Different approaches have been taken to address the issues arising from
sample complexity. Sample complexity can be reduced by focusing on the
analysis of subcellular fractions [42, 43, 44], isolated organelles [45, 46] or
other subproteomes such as phosphorylated or glycosylated proteins [47],
instead of complete cell lysates or tissue extracts. Other approaches
are based on the depletion of highly abundant proteins mostly by im-
munoaffinity methods [48, 49] or reducing differences in protein concen-
tration using so-called "equaliser” technolgy [50].

1.4.2 Proteolytic digest

Although technically possible, intact proteins are rarely analysed in pro-
teomics. Instead protein samples are usually analysed by a ‘bottom-up’
approach in which proteins are broken down proteolytically into peptides
which are identified and then mapped back to the protein sequence.

There are several reasons for and advantages to analysing peptides instead
of proteins. Firstly, the performance of mass spectrometers is much better
in typical peptide mass ranges of up to 4000 Dalton (Da). In addition,
the interpretation of mass spectra obtained from intact proteins is compu-
tationally difficult as it is practically impossible to predict the mass of a
mature and potentially modified protein from primary sequence informa-
tion. Therefore, sequence information is indispensable for reliable protein
identification. This is inferred from fragmentation spectra, which are best
generated and interpreted from short peptides rather then proteins. Ad-
ditionally, proteins are more difficult to handle then peptides and break-
ing proteins down into peptides circumvents problems arising from the

physicochemical properties of proteins affecting solubility or affinity [51].

Drawbacks of the bottom-up approach are the absence of information on
the parent protein that a peptide was generated from and the challenges
this poses to protein inference [52]. Furthermore, only a fraction of all
peptides emitted by a protein are observable by mass spectrometry [53].
So while peptide information is often sufficient for protein identification it
does not allow a full characterisation of a protein.
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A pre-requisite for the application of a protease to generate peptides for
a proteomics experiment is the lack of substrate specificity, i.e. the capa-
bility to cleave any protein inside its peptide chain. Proteases fulfilling
this criterion are pancreatic and gastric endopeptidases like trypsin and
pepsin. The serine protease trypsin is the most commonly used enzyme
to produce peptides for mass spectrometric analysis. This is for several
reasons: firstly, trypsin is a highly stable and efficient protease with high
sequence specificity [54, 55]. Secondly, trypsin cleaves proteins carboxy
(C)-terminal of arginine and lysine residues, thereby generating peptides
in a mass range and with fragmentation properties beneficial for MS, re-
sulting in mass spectra of high information content whose interpretation

is relatively uncomplicated [51].

Other proteases are used to create peptide populations complementary to
trypsin, impacting on detection as well as sequence coverage and speci-
ticity [56, 57, 58, 59, 60]. Less complex populations of longer peptides,
for example, can be generated using proteases with only one cleavage
site, like the serine protease Lys-C which cleaves C-terminal of lysine and
the cysteine protease Arg-C which cleaves C-terminal of arginine [61, 62].
While Lys-C is a highly specific protease, the specificity of Arg-C is less
predictable [63]. Also of lower specificity as well as decreased activity is
pepsin A, an aspartate protease which cleaves predominantly C-terminal
to phenylalanine and leucine [64]. Another protease that finds application
in proteomics and is relevant in the context of this work is the Staphylo-
coccus aureus serine proteases V8 [65, 60]. In digestion buffers that contain
phosphate the protease cleaves after glutamic and aspartic acid (VS8DE). In
the absence of phosphate the protease is specific to glutamic acid (V8E) re-

sidues. Proteases relevant in the context of this work are listed in table 1.1.

1.4.3 Peptide separation

Prior to injection into the mass spectrometer, proteolytic peptides are sep-
arated by chromatography, usually HPLC. HPLC separates peptides by
their hydrophobicity, based on their solubility in an organic solvent ver-
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Table 1.1: Proteases used for peptide generation in mass spectrometry
based proteomics. Listed are proteases commonly used in proteomics and
relevant in context of this work. All listed proteases cleave C-terminal of
the amino acid residue.

protease enzyme class cleavage sites

Trypsin  serine lysine(K), arginine(R)

Arg-C cysteine arginine (R)

Lys-C serine lysine (K)

Pepsin A aspartate phenylalanine (F), leucine (L)

V8E serine glutamic acid (E)

V8DE serine glutamic acid (E), aspartic acid (D)

sus their affinity for a hydrophobic stationary phase [66].

Multi-dimensional methods are used to achieve a higher resolution of pep-
tide separation. In so-called geLC-MS, protein mixtures are first separated
by one-dimensional (1D)-SDS-PAGE, followed by an LC separation of pro-
teins contained in individual gel slices [67]. Alternatively, two orthog-
onal chromatography steps can be combined to achieve a higher degree
of separation. This is implemented in the popular multidimensional pro-
tein identification technology (MudPIT) approach that separates peptides
by charge and hydrophobicity through a combination of strong cation ex-
change and reverse phase chromatography (RPC) [68, 40]. Separation by
MudPIT can be improved further by implementing it on an ultrahigh-
pressure scale [69]. More recently free-flow chromatography, separating
peptides by their isoelectric point, as well as hydrophilic interaction liquid
chromatography (HILIC) [70], have been coupled with RPC for proteomic
analyses [37, 71, 72]. HILIC has been found to have advantages for the
targeted analysis of post-translationally modified proteins [73].

Fractionation can also be achieved after the biochemical separation and
peptide ionisation, in the mass spectrometer: gas phase fractionation sep-
arates peptides in the m/z dimension by iteratively analysing peptides
separated by LC over multiple, defined m/z ranges [71, 74, 75].
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1.4.4 Ionisation

ESI and MALD], the two ionisation methods that paved the way for the
application of MS to proteins, are still the most important approaches to
ionise and transfer peptides into the gas phase.

To ionise a sample by MALDI it is embedded in a crystalline organic ma-
trix which absorbs light of a specific wavelength, usually in the UV range.
The sample is mixed with the matrix, dissolved in an organic solvent and
spotted on a sample plate. After the solvent has evaporated and the ma-
trix has crystallised, the analyte is sublimated in high vacuum from the
matrix by a laser pulse and becomes ionised by receiving protons from the
matrix molecules. MALDI generally results in peptide ions with a charge
of z = +1[76].

While MALDI is the more robust technique regarding contamination of
the sample by salts or detergents [77] a drawback is that, although pos-
sible [78], online coupling of MALDI to LC is cumbersome. This limits
the scalability of the technology. Nevertheless, MALDI remains a valu-
able ionisation technique which is applied mainly to the analysis of less
complex samples and to complement results obtained by ESI [79, 80].

Online coupling of ESI to capillary based chromatographic separation is
straightforward. Peptides eluting from the chromatography column are
sprayed through a capillary or metal needle into a strong electromag-
netic field. This generates highly charged droplets which decrease in size
through evaporation of the solvent. The decreasing droplet size results
in an increase of the charge density and droplet fission. Peptide ions are
generated either through desorption from the droplet surface or through
continuous droplet fission, eventually leading to every droplet contain-
ing only a single analyte ion [76, 79]. Generally, ESI results in ions with a
charge of z = +2 or higher.

A variation of the MALDI method, called surface-enhanced laser
desorption/ionisation (SELDI) should also be mentioned in this context,
as it is of relevance to mass spectrometry in proteomics. In SELDI the ana-

lyte is spotted on a surface modified with a chemical functionality. Affinity
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of certain proteins in the sample to the chemical group results in the bind-
ing of these proteins to the surface. After unbound proteins have been
washed off, the matrix is allowed to crystallise and the sample is ionised
like in MALDI [81].

1.4.5 Mass spectrometry
1.4.5.1 Mass analysers

The mass analyser is the centre piece of any mass spectrometry proteomics
experiment. There are different types of mass analysers which all have
in common the fact that they determine mass-to-charge ratios of analyte
ions moving in an electromagnetic field. The four types of mass analy-
sers important in proteomics are the ion trap (IT), time-of-flight (TOF),
quadrupole (Q) and Fourier transform (FT)-ion cyclotron resonance (ICR)
mass analysers which are briefly described in the following.

Ion Trap analyser In an ion trap mass analyser ions are accumulated
over time by trapping them in a region of a vacuum system by electric
tields. MS1 and MS2 analysis are both performed in the same unit.

The original three-dimensional (3D) or quadrupole ion trap invented in
1953 [82] consists of two hyperbolic end-cap electrodes and a central ring
electrode. Ions of an m/z value of interest are captured at the focal point
of the electromagnetic field between the three electrodes by adjusting the
voltage accordingly, while ions of other m /z values are ejected. Upon frag-
mentation of the precursor ions through collision with an inert gas, prod-
uct ions are ejected in order of their m/z value by iterating over a voltage
range and the m/z values recorded by the detector. Although the 3D IT
has high sensitivity, the small size limits the number of ions that can be
trapped, resulting in low resolution and mass accuracy [79].

The 2D or linear IT was introduced in 2002 [83, 84]. It consists of four

parallel electrodes arranged along a cylindrical space. Ions are trapped
by creating a potential along the axis of the electrodes. The increased ion
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storage capacity of linear ITs allows for increased sensitivity, resolution
and mass accuracy [80]. Consequently, linear ITs have largely replaced

the traditional 3D instruments.

A relatively recent development is the orbitrap [85] which is based on a
mass analyser originally invented by Makarov [86]. In this type of ion
trap ions oscillate orbitally around the axis of an electrostatic field gen-
erated by an outer barrel-like electrode and a coaxial inner spindle-like
electrode. Using Fourier transformation the m/z values of ions can be cal-
culated based on the frequency with which they oscillate along the central
spindle. Orbitraps combine a very high resolution with high mass accu-
racy [87].

Time-of-Flight analyser Time-of-flight (TOF) MS is based on the accel-
eration of ions along an electric field of known strength [88]. Ions of the
same charge receive the same kinetic energy but travel at different speeds
depending on the mass-to-charge ratio. By measuring the time the ion
needs to cross a defined distance its m/z ratio can be calculated. TOF
instruments are superior in mass resolution to ion traps. However, the
resolution is inversely correlated with the ion mass. Another factor influ-
encing resolution is the spreading of ions in three dimensional space after
acceleration, resulting in not all ions of the same mass reaching the detec-
tor at the same time. Two strategies used to address this problem, delayed
pulse extraction [89] and reflectron TOF [90], will not be discussed further
here.

Quadrupole analyser The quadrupole analyser consists of four cylindri-
cal rods aligned in parallel to each other, and functions as a mass filter
[91]: ions pass an oscillating electrical field between the rods in a spi-
ralling trajectory, with the radius of the spiral depending on the m/z ratio
of the ion. By adjusting the voltage accordingly, only ions of a specific
m/z ratio will traverse the field, while ions of other m/z ratios will col-

lide with the rods. Quadrupoles are used as highly selective mass filters
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in applications where ions of interest need to be detected with high speci-
ficity, an approach which gains increasing importance in current MS pro-
teomics [92, 93].

Fourier transform ion cyclotron resonance analyser In an FT-ICR mass
analyser ions move in circles within a strong electromagnetic field gener-
ated by a cyclotron [94]. A cyclotron is a particle accelerator that accel-
erates ions by a combination of high-frequency alternating voltage and a
magnetic field. The mass-to-charge ratio of the ions is determined based
on their cyclotron frequency which is measured when the ions pass near
a pair of detection plates. The signal consists of superimposed sine waves
of an ion’s frequency and intensity which are untangled by Fourier trans-
formation to generate the mass spectrum [94]. FT-ICR analysers can de-
termine masses at unprecedented resolution, accuracy and sensitivity and
are the current state-of-the-art in mass spectrometry. However, due to the
high instrument and operating costs the technology is not yet widely used

in proteomics.

1.4.5.2 Mass spectrometers

The different types of mass analysers are used in various configurations,
either on their own or combined in hybrid systems, to make up the mass
spectrometer. Depending on the identification strategy, which will be dis-
cussed later, only one mass spectrum - that of the precursor ions - or two
mass spectra - that of the precursor and product ions, will be recorded.
Figure 1.2 shows a schematic of a generic mass spectrometer configura-
tion.

The type of mass analyser used often correlates with the ionisation
method. Although TOF instruments can be operated with ESI and
MALDI, they are mostly coupled to MALDI ion sources. Ion traps,
quadrupole and FT-ICR analysers are found in setups that generate ions

by ESI.

MALDI-TOF instruments are used to determine the mass of intact peptide
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Figure 1.2: Schematic of a mass spectrometer. A mass spectrum (MS) of
ions entering the mass spectrometer is recorded by the first mass analyser.
In tandem MS, precursor ions of a specific m/z ratio are chosen for frag-
mentation in the collision cell. The second mass analyser then records the
mass spectrum of the resulting product ions (MS/MS).

ions for peptide identification by peptide mass fingerprinting [95, 96] (see
section 1.4.6.1). In TOF/TOF instruments [97] two consecutive TOF sec-
tions are separated by a collision cell. The precursor spectrum is recorded
by the first TOF analyser which selects ions of a particular m/z ratio for
fragmentation in the collision cell. The second analyser separates the re-
sulting fragment ions and records the product ion spectrum. TOF analy-
sers are also used in conjunction with a quadrupole [98, 99]. In QqTOF
instruments the Q quadrupole serves as a mass filter to select ions for
fragmentation by a second non-filtering collision quadrupole (q). Alter-
natively, the ions can be led through both quadrupoles for measurement
of the whole mass spectrum in the TOF section. Quadrupole-TOF instru-
ments are used with ESI and MALDI ion sources. They have a high sen-
sitivity, resolution and accuracy [80] and are particularly well suited for
quantitation [79].

Pure quadrupole (QqQ) instruments have the same configuration as
QqTOF instruments except the TOF analyser is replaced by a third



1.4 The mass spectrometry based proteomics experiment 18

quadrupole.  Ions may be either scanned or filtered in the third
quadrupole. Triple quadrupole instruments are equally well suited for
quantitation [79] .

Operating the third quadrupole as a linear ion trap results in a hybrid
instrument increasingly important in proteomics due to its capability to
perform selected reaction monitoring (SRM). That is, the occurrence of
a particular precursor and product ion combination, also referred to as a
transition, can be selectively detected by using both quadrupoles as mass
tilters. Furthermore, QqIT instruments are capable of precursor ion as well
as neutral loss scanning and therefore are frequently applied to the analy-
sis of protein modifications [83, 100].

Recently FT-ICR mass analysers have been combined with linear ion traps
[101] which has enabled the real-time recording of tandem mass spectra at

high resolving power, mass accuracy, and dynamic range [102, 103].

1.4.6 Data analysis

There are various identification strategies based on different types of MS
experiments, which require different methods of data analysis. In the fol-
lowing some important identification strategies are discussed, of which

tandem MS is currently the most frequently used approach in proteomics.

1.4.6.1 Identification strategies

Peptide mass fingerprinting peptide mass fingerprinting (PMF) is based
on the assumption that a protein can be uniquely identified based on a
combination of protein mass and the masses of a set of peptides generated
by digesting the protein with a protease. A non-MS based PMF method
was first proposed in the late 1970s by Laemmli and colleagues who used
the fragment pattern of proteolytic peptides separated by gel electrophore-
sis to identify proteins isolated from an SDS gel [104].

The classic MS based method uses peptides of proteins isolated from a
2D gel analysed by MALDI-TOF [35, 95, 105, 96]. A computer algorithm
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which takes a protein mass range and peptide masses as input is then
used to search a database of theoretical peptide masses to identify the pro-
tein [35]. Higher sequence coverage and improved protein identification
can be achieved by identifying 2D gel spots by LC-MS [106].

While this approach is reliable for smaller proteomes peptide mass redun-
dancy and insufficient mass accuracy increase the possibility of false pos-
itives for more complex protein samples. Post-translational protein mod-
ifications altering the protein and peptide masses further complicate the

approach.

Accurate mass and time tag In shotgun proteomics the effect of ambi-
guities arising from peptide mass redundancy and low mass accuracy is
amplified by the absence of information about the parent protein mass.
The advent of high-accuracy MS for proteomics led to the proposal of a
strategy to identify proteins based solely on peptide mass that is appli-
cable to shotgun proteomics data. The accurate mass tag (AMT) strategy
presented by Smith et al. in 2000 assumes that a protein sequence can be
identified by standard LC-MS with high confidence based solely on the
mass of a single peptide if measured with sufficient precision [107]. It was
later demonstrated that the approach could successfully identify AMTs for
more then 60% of the proteins encoded in the genome of the procaryote
Deinococcus radiodurans using FT-ICR mass spectrometry [108, 109]. How-
ever, Deinococcus radiodurans is a bacterium with a relatively small number
of around 3200 protein-coding genes [110]. With increasing complexity of
the proteome, the ability to identify proteins on the basis of peptide mass

alone, even if measured with high accuracy, becomes increasingly difficult.

To improve performance of the AMT strategy an extension of the ap-
proach has been devised which combines peptide mass with LC reten-
tion time [110]. Critical to the success of the approach is the standard-
isation of elution times, i.e. the reproducibility of elution times across
runs, which is complicated by column drift associated with temperature
changes and flow rate [111, 112]. Various machine learning approaches
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have been applied to predict LC retention times and align multiple analy-
ses [112]. Apart from the technical challenges, estimations of the specificity
of the results suggest a limited performance of the approach for complex
proteomes, even at high mass accuracy levels [111]. This, together with
further limitations arising from the lack of prediction algorithms for mod-
ified peptides as well as non-standard LC separation techniques [112], has
so far prevented the widespread application of this approach.

Tandem mass spectrometry The first step towards contemporary pep-
tide identification strategies based on tandem MS spectra was made in
1994 with the peptide sequence tag (PST) approach. By complementing
peptide mass with partial sequence information from the peptide start
and end regions, obtained by fragmentation of the precursor peptide,
the specificity of sequence database searches could be significantly in-
creased [113]. An automated method to identify peptides by computa-
tional correlation of observed tandem mass spectra with theoretical spec-
tra derived from an in silico digest of a sequence database was published
the year after by Yates and colleagues [114]. Peptide identification by
spectral matching is still the main approach to peptide identification in
shotgun proteomics today. Methods to determine the peptide sequence de
novo, directly from the mass differences in the fragmentation spectrum, are
emerging [115] but due to the complexity of mass spectra are still beyond
the scope of current knowledge and computational means [116, 117] and
will not be discussed further here. Reference [118] provides a comprehen-
sive review of current computational methods for protein identification
including de novo sequencing approaches. The following section gives a
brief overview of approaches based on spectral matching and some of the

most frequently used algorithms.

1.4.6.2 Peptide identification by spectral matching

The principle of identifying peptides by spectral matching is implemented

in a range of different search algorithms. Before these are discussed in
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more detail the main characteristics of product ion spectra are briefly out-
lined.

Fragmentation of a precursor peptide results in two different types of
product ion series, derived from the carboxy (C)-terminal or the amino
(N)-terminal end of the peptide. Furthermore, the peptide backbone can
break at different positions depending on the experimental approach. In
collision induced dissociation (CID) breakage mainly occurs at the amide
bonds [119]. Figure 1.3 illustrates the different product ions that are pro-
duced from fragmentation of the precursor ion at the amide bonds and ex-
plains their nomenclature according to Biemann and Roepstorff [120, 121].
It also shows the location of the corresponding y— and b—ion peaks in
the spectrum. Y —ions are the predominant ions in CID spectra obtained
by QqQ and QqTOF instruments. CID spectra acquired by IT instruments
contain both a series of y— and b—ions. Experimental spectrum peak in-
tensities vary due to differences in the efficiency of bond breakage between
different amino acids. Algorithms to predict peptide fragmentation have
been devised [122, 123]. Furthermore, it should be noted that additional
ion types can arise from loss of NH3 and H,O.

Experimental and theoretical spectra are correlated by either matching
peaks directly or by comparing the integral intensities of corresponding
spectrum intervals [76]. While the difficulty in the first approach lies in the
identification of corresponding peaks, the second approach suffers from a
loss of precision and problems arising from peaks coinciding with interval
boundaries [76].

Algorithms for spectral matching can be divided into probabilistic and
non-probabilist methods depending on the scoring scheme employed [76].

Probabilistic methods score the spectral correlation by calculating the
probability that the matching spectrum originates from the matched can-
didate sequence. Various probabilistic approaches including Bayesian and
odds ratio based methods are employed. MASCOT [124] and X!Tandem
[125] are two prominent examples of probabilistic spectral matching algo-
rithms. Other examples include SCOPE [126] and OLAV [127].
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Figure 1.3: The product ion spectrum. Shown is the Biemann and Roep-
storff [120, 121] nomenclature of product ions which is based on the lo-
cation of the peptide backbone breakage and whether the ion is derived
from the N-terminal or C-terminal part of the precursor ion. Shown below
are the theoretical locations of y— and b—ion peaks in the fragmentation
spectrum of the hypothetical peptide MYWFR. The y5— and bs—ions cor-
respond to the entire peptide sequence.

In principle non-probabilistic scoring of spectrum matches is based on the
number of matching spectrum peaks or intervals and their intensities. The
SEQUEST™ algorithm, developed as part of the work by Yates et. al.
mentioned above, is an example of a non-probabilistic method which uses
cross-correlation to score spectral matches [114].

Estimation of the error rate is a fundamental issue in peptide identifica-
tion based on spectral matching. A common approach is the use of “de-
coy’ databases which are shuffled or reversed versions of the sequence
database used to generate the theoretical spectra [128]. The false pos-
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itive rate is then evaluated based on the frequency of spectra matches
against the decoy database. PeptideProphet is an algorithm that scores
the accuracy of peptide identifications based on an empirical statistical
model [129]. The model is trained on the characteristics (database search
scores and number of tryptic termini) of peptide assignments known to be
correct/incorrect and can then be used to classify peptide identifications
of unknown confidence. An alternative approach is to increase the con-
fidence of peptide and protein identifications by combining the results of
several different search algorithms [130, 131, 132]. Identifications that the
different methods converge on, are assigned a higher confidence.

1.4.6.3 Protein Inference

The final step in the analysis of mass spectrometry data is the inference
of the precursor proteins for the observed set of proteolytic peptides. The
reliability of protein identifications inferred from the available peptide ev-
idence depends on two factors. Firstly, sequence similarity between ho-
mologous proteins, splice isoforms and conserved domains often results
in ambiguities in the peptide-to-protein mapping and thus several alter-

native hypotheses that can explain the observed peptides [52].

There are two different strategies of dealing with the problem of peptide-
to-protein ambiguity. One is to apply the principle of parsimony and de-
termine the least complex set of proteins that can explain the peptide se-
quences observed in a mass spectrometry experiment. This set is com-
monly referred to as the minimal explanatory set of proteins. Often, for a
given set of peptides many, equaly valid minimal explanatory protein sets
exist that cannot be distinguished based on the peptide evidence. The al-
ternative solution to the problem is to construct a maximal explanatory set of
protein identifications that includes all proteins, the observed set of pep-
tide sequences can potentially originate from, i.e. comprises all alternative
hypothesis for the observed peptide evidence. For a given set of peptides
there is only one maximal explanatory set of protein identifications.

The second factor that influences the reliability of protein identification
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is the error rate of peptide identification. As protein identifications are
assembled from peptide sequences the false positive rate in the peptide
identification step is propagated to the level of protein identification [133].
Various approaches to controle the false discovery rate on the level of in-
dividual experiments have been developed [133, 134, 135, 136, 137, 138].
More recently, a strategy enabling the assessment of the confidence of pro-
tein identifications across different experiments and heterogeneous data

sets, independent of the inference method and data set size has been pub-
lished [133].

1.5 Proteomics approaches to probe protein

function on a large scale

Having discussed the methodological and technical aspects of mass spec-
trometry, we now turn to the experimental approaches employed in pro-
teomics to probe protein function on a large scale. While many of these
approaches use mass spectrometry as a primary or secondary tool, there
are also a range of non-MS based methods. For completeness some of

these non-MS based methods will be mentioned as well.

1.5.1 Alternative splicing

It is estimated that around 50% of human multi-exon genes are alterna-
tively spliced. Alternative splicing modulates subcellular localisation and
activity of proteins through the insertion or deletion of functional do-
mains, subcellular sorting signals or transmembrane regions [139, 140].
Perturbation of alternative splicing is implicated in a range of dis-
eases [141].

Traditionally splice events are delineated by the analysis of nucleotide se-
quence data like EST and full length mRNA sequences [142, 143, 144].
More recently mircroarray technology and short read sequencing ap-
proaches have been employed for the high-throughput analysis of alter-
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native splicing [145, 146].

Proteomics technologies are also increasingly used to extend genome an-
notations [147, 148]. Resources such as PeptideAtlas annotate the protein-
coding genome with identified peptides, confirming predicted splice sites
and isoforms [149]. Some groups have used the entire human genome,
translated in all six reading frames, as a search base for tandem mass spec-
tra, effectively detecting peptide evidence for novel protein-coding genes
and gene models [150]. Although it has been suggested that proteomics
data should be made an integral part of the genome annotation process
to improve gene models, the required infrastructure is still missing [151].
One of the caveats of shotgun proteomics, with regards to the task of re-
solving splice isoforms, is the inherent difficulty of assigning peptides to
isoforms; a result of sequence similarity between isoforms. Only a minor-
ity of peptides generated from alternative products of the same gene are
isoform-specific [152].

1.5.2 Post-translational modification

In addition to alternative splicing, permanent or transient modification of
proteins during or after translation contributes to the generation of a com-
plex proteome from a limited genome. Post-translational modifications
such as phosphorylation, proteolytic cleavage or glycosylation affect var-
ious aspects of protein behaviour such as activity, turnover, localisation

and molecular interactions.

1.5.2.1 Phosphorylation

Phosphorylation is a reversible post-translational modification (PTM) in-
volved in signalling cascades, the regulation of enzyme activity and the
modulation of molecular interactions. There are a number of experimen-
tal approaches to map phosphorylation in protein mixtures. Methods
based on 2D gel electrophoresis detect phosphorylated proteins by anti-
phospho-amino-acid antibodies, metabolic labelling or phosphatase treat-
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ment. Protein spots are subsequently identified by mass spectrometry. Al-
ternatively, phosphorylated proteins can be identified in complex mixtures
by LC-MS either with or without prior affinity purification [153, 154]. In
the latter case, fragmentation spectra that could not be assigned to pro-
teins in a database of unmodified sequences are used in a second search
iteration allowing for modification. Another approach used to map phos-
phorylation sites is the proteolysis of proteins by phospho-specific cleav-
age, followed by mass spectrometry. The observed cleavage pattern subse-
quently allows the deduction of phosphorylation sites [155]. However, un-
expected behaviour of proteolytic enzymes such as transpeptidation [156]
can obfuscate some of the sites in these approaches. An emerging tech-
nology that is likely to play an important role in phosphorylation profil-
ing is protein array analysis [157, 158], though it should be noted that this
method necessitates prior knowledge of the targets. Phospho-epitopes can
also be studied using flow cytometry, yielding an activation-state readout

of the intracellular environment [159].

As information about the dynamics of protein phosphorylation is often
more informative than simply expanding the phosphoproteome “parts
list”, quantitative mass spectrometry methods have also been incorpo-
rated into phosphoproteomics [160, 161, 162, 163].

1.5.2.2 Proteolytic cleavage

Proteolytic cleavage is an important non-reversible PTM controlling the
fate of proteins by influencing their subcellular localisation and activity.
The 'degradome’ is defined as firstly, the complete set of proteases ex-
pressed at a specific time by a cell, tissue or organism and secondly, the
substrate repertoire of a protease [164]. The human genome encodes 561
proteases and protease-homologs [165]. It has become evident that prote-
olysis is a highly selective and regulated process playing a role in cellular
processes that goes beyond non-specific protein catabolism [166]. For ex-
ample, proteolysis can give rise to proteins, so-called cryptic neo-proteins
with functions different from the parent proteins they were derived from.
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At present it is not possible to predict peptidase cleavage sites com-
putationally as substrate structure plays an important role in sub-
strate specificity. ~Several proteomics studies based on diverse ap-
proaches, including iTRAQ (isobaric tag for relative and absolute quan-
titation) labelling [167], 2D gel electrophoresis followed by tandem MS
and N-terminal COFRADIC (combined fractional diagonal chromatog-
raphy) [168] have been dedicated to the discovery of new protease tar-
gets. These have lead to the identification of new potential metallopro-
teinase [169, 170] and caspase substrates [171, 172].

1.5.2.3 Glycosylation

Post-translational modification through transfer of glycans or carbohy-
drates to proteins is a complex process requiring the concerted action of
a series of glycosyl transferases, each catalysing a specific step in the path-
way. The conservation of this complicated process throughout evolution
suggests that important functions are attached to protein glycosylation.
Unfortunately, these functions remain poorly understood.

Nearly half of all known proteins are potentially glycosylated [173] and
oligosaccharides are implicated in a multitude of crucial processes: regu-
lation of protein folding, endoplasmic reticulum (ER)-to-Golgi transport,
cell-cell communication, immune response and tumour biology [174, 175,
176, 177, 178]. Due to the non-template driven nature of glycosylation, it
is not possible to knock out specific structures to evaluate their effect on
the phenotype. A direct study of the functions of glycosylation is therefore
difficult.

A number of different technologies have been employed to study glyco-
sylation, including mass spectrometry [179, 180, 181], nuclear magnetic
resonance (NMR) [182] and liquid chromatography for “glycan sequenc-
ing” [183, 184]. Glycan microarrays are used for glycan-protein interaction
profiling [185] and new techniques to fluorescently label glycans have en-
abled quantification of glycan species on the array [186]. The carbohydrate
binding specificity of lectins is exploited to measure protein glycosylation
states using lectin microarrays [187, 188, 189].
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1.5.3 Protein-protein interaction

Biological systems are modular, that is components with diverse molec-
ular functions are dynamically assembled into complexes and pathways
that accomplish a particular task [190]. Therefore, to understand biolog-
ical processes at the system level it is essential to elucidate the complex
network of interactions between the molecular components of a cell, in-

cluding proteins [191].

Genome scale protein interaction maps based on the yeast-two-hybrid sys-
tem [192] - ectopic expression of bait and prey proteins in the yeast nucleus
and activation of a reporter gene upon their interaction - have been avail-

able for several model organisms for some time [193, 194, 195, 196].

An alternative strategy to the yeast-two-hybrid approach is based on affin-
ity tagging of bait proteins and purification of protein complexes by co-
immunoprecipitation followed by detection of complex components by
MS [197]. Large-scale human interaction maps based on this approach
have recently become available [198, 199, 200]. However, these cover only
a subset of the proteome. Besides these large-scale datasets, previous stud-
ies have investigated interactions in the context of specific biological pro-
cesses such as TNF-a/NF-x B signal transduction [201], the heat shock
protein (Hsp) 90 interactome [202] and epidermal growth factor (EGF) sig-
nalling [203].

1.5.4 Subcellular localisation

Eukaryotic cells, especially mammalian cells, are highly compartmen-
talised. The function of a protein is therefore often strongly corre-
lated with its localisation. Bioinformatics analysis of sequence features
such as signal peptides, transit sequences, nuclear localisation sequences,
transmembrane regions or glycosylphosphatidylinositol (GPI) anchor se-
quences can be used to predict where in a cell a protein potentially re-
sides [204, 205, 206, 207, 208, 209, 210].

Experimental procedures to determine subcellular localisation of proteins
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include the identification of protein constituents of isolated organelles by
MS, or microscopy based analysis of localisation in vivo using fluorescently
labelled versions of proteins. In mammalian cells large-scale localisation
studies are complicated by splice isoforms and the wealth of different cell

types.

The development of methods to systematically tag proteins with green
fluorescent protein (GFP) using full-length cDNA libraries [211], in com-
bination with microscopy-based high-throughput visual screening [212],
has enabled analysis of protein localisation on a genome-wide scale. As
part of a large-scale project to systematically analyse protein function,
the German Cancer Research Centre, in collaboration with EMBL Hei-
delberg, have determined the localisation of ~2000 fluorescently labelled
proteins encoded by full-length cDNAs generated by the German cDNA
Consortium, focusing on novel proteins with completely unknown func-
tion [213, 214].

Classical subcellular fractionation methods from cell biology, followed by
gel-based and gel-free mass spectrometry approaches are applied in or-
ganelle proteomics to catalogue and quantify the protein constituents of
cellular compartments and components [215]. Several proteomics studies
have analysed human organelles and other cellular structures including
nucleus [216, 217], nuclear membrane [218], endoplasmic reticulum-Golgi
intermediate compartment (ERGIC) [219], Golgi [220], exosomes [221],
centrosome [222], mitotic spindle [223] and mitochondria [224].

Often it is difficult to isolate pure organelles by fractionation. Further-
more, organelle organisation is not static and many proteins shuttle be-
tween compartments by membrane trafficking. Organelle proteomics
strategies that take dynamic changes of protein composition into account,
e.g. the localization of organelle proteins by isotope tagging (LOPIT) ap-
proach, are based on quantitative mass spectrometry analysis of subcel-
lular fractions of cell lysates separated by density gradient centrifugation
to determine organelle distribution profiles of proteins [225, 226, 227]. A
recent analysis of a lymphocyte cell line by LOPIT to assign proteins to the
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ER, Golgi, lysosomes, mitochondria and the plasma membrane indicates
a highly dynamic organisation of organelles [228].

1.5.5 Tissue expression

While comprehensive information on tissue expression is available at the
transcript level [229], establishment of a similar resource for protein ex-
pression is much more challenging. A large-scale project to systematically
raise antibodies against each and every human protein with the aim of

cataloguing tissue expression at the protein level is now underway.

The Human Protein Atlas (HPA) project [230], a collaboration between
Uppsala University and the Royal Institute of Technology, has been es-
tablished to interrogate tissue expression on protein level using anti-
body based proteomics [22]. The project systematically raises antibod-
ies against human proteins, which are then used in high-throughput
immuno-histochemistry screens on tissue arrays for expression profil-
ing [231, 232]. Images are electronically captured and annotated. Cur-
rently, expression information for more than 1900 proteins in 48 different
normal tissue types and 20 different types of cancer is accessible through
the HPA web site (February 2009). Added value from such a project will
come from the availability of validated antibodies and protein clones with

great potential in research, diagnostics and therapeutics.

Recently several MS based proteomics studies to catalogue protein con-
stituents of tissues and bodily fluids have been conducted. A collaborative
proteomics study of human plasma has generated a core dataset of 3020
proteins identifications [233]. This figure has recently been further refined
by taking into account multiple hypothesis testing [234]. Other human
bodily fluids that have been profiled by MS include saliva [235] and cere-
brospinal fluid [236]. A study of protein expression in human brain tissue -
which is also the subject of this dissertation - has yielded a high confidence

set of 1804 proteins in human temporal lobe specimens [132].
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1.5.6 Targeted proteomics approaches

In order to overcome some of the shortcomings of shotgun proteomics
such as the high degree of redundancy of protein identifications, limited
reproducibility and the difficulty in resolving low abundance proteins,
target-driven proteomics approaches are enjoying growing popularity as
an alternative to global “discovery” approaches [41].

Instead of an unbiased profiling of all proteins in a sample, targeted ap-
proaches focus on a limited set of proteins of interest important to test a
given hypothesis [41]. These sets are compiled based on existing biologi-
cal knowledge about the system under study, obtained, for example, from

the literature or other ‘omics” platforms like microarrays.

A technology commonly used for this type of experiment is selected reac-
tion monitoring (SRM), a highly selective and sensitive mode of tandem
mass spectrometry which allows for the targeted detection of specific pep-
tides. SRM is used to monitor the occurrence of proteotypic signature pep-
tides, i.e. peptides observable by mass spectrometry that uniquely identify
the targeted protein [53, 237] (see figure 1.4).

SRM is typically performed on a triple quadrupole mass spectrometer
which cycles through a series of precursor and product ion m/z combi-
nations or transitions which are characteristic for the monitored peptides,
and records the signal [79]. Filtering at MS1 and MS2 level not only results
in highly selective detection of peptides but also high sensitivity because
of i) a decreased background noise due to the small population of precur-
sor ions transmitted by the first mass analyser, and ii) an increase in the
duty cycle of the mass spectrometer due to the non-scanning mode of op-
eration [79]. The duty cycle is the fraction of ions with a certain m/z that
are effectively analysed by the mass spectrometer [28].

1.5.7 Towards a human proteome project

The idea of systematically cataloguing all human proteins, including infor-

mation on their expression, modifications and subcellular localisation, was
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Figure 1.4: Targeted proteomics based on selected reaction monitoring.
A list of target proteins is compiled for which a set of proteotypic sig-
nature peptides is identified that can be used as surrogates to selectively
monitor the respective protein (left side of the figure). Grey lines repre-
sent protein sequences, coloured stretches represent proteotypic peptides.
The same colour indicates identical peptide sequences. Note that not all
protein sequences have a proteotypic peptide. Blue boxes highlight pro-
teotypic signature peptides which are observable and whose sequence is
unique across the proteome. Proteotypic signature peptides are selectively
detected by selected reaction monitoring (right side of the figure), an MS
mode where the first mass analyser filters precursor ions of a specified
mass and the second mass analyser monitors the occurrence of a prod-
uct ion produced by CID which is characteristic for the targeted signature
peptide.

first mooted in the early 1980s by Norman G. Anderson [238]. When the
topic was raised again by Marc Wilkinson in the mid 1990’s [3] technologi-
cal advances, and in particular the advent of mass spectrometry in protein
sciences, had brought the proteomics community significantly closer to
achieving this ambitious goal. The idea gained momentum again in 2001
after the publication of the human genome sequence, which for the first
time allowed a truly systematic study of all human protein products [239].
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However, it was clear from the beginning that the challenges involved in
a systematic study of the human proteome would by far exceed that of the
human genome sequence. Unlike the Human Genome Project, which re-
lied on one robust technology for DNA sequencing, proteomics uses an ar-
ray of technologies with varying performance, and historically no coordi-
nation of world wide proteomics efforts comparable to that of the human
genome consortium. The latter issue had started to be addressed shortly
beforehand by the foundation of the Human Proteome Organisation [240]
which will be discussed below.

Despite ongoing efforts, eight years on a Human Proteome Project (HPP)
has still not been formalised. The view that a systematic mapping of pro-
teins is a worthwhile effort to leverage information from the genome se-
quence and form the basis for future studies, however, is now more widely
accepted in the proteomics community [241]. This view is emphasised by
the fact that there is still no experimental evidence on protein level for the
expression of around 44% of human protein-coding genes [241].

The reasons for the HPP evolving so slowly are technical, financial and
organisational. Discussions about the conceptual and methodological ap-
proaches to take are still ongoing. The current plans envisage a 10 year
project at an estimated cost of $1 billion, which maps at least one rep-
resentative protein isoform per gene using a mixture of mass spectrom-
etry and antibody based approaches [241, 242]. A scaled-down project,
the human Proteome Detection and Quantitation Project (hPDQP), which
could function as a pilot study for the HPP was proposed recently. The
hPDQP would focus on the establishment of a catalogue of (non-isoform)
specific peptide reporters for every protein-coding gene complemented
by peptide-specific antibodies with an emphasis on the development of

assays for biomarker detection [243].
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1.6 The Human Proteome Organisation

Soon after the large-scale study of the human proteome had started to
take off, the proteomics community realised that the magnitude of the task
would require a high degree of coordination and collaboration. In analogy
to the Human Genome Organisation (HUGO) that coordinated the analy-
sis of the human genome, the Human Proteome Organisation (HUPO) was
founded in 2001 with the aim of promoting international cooperation in
the field of proteomics [240]. Since its foundation, eleven initiatives have
been launched under HUPO’s umbrella, dedicated to the study of selected
tissues, organs, bodily fluids and stem cells, as well as the establishment
of standards and resources enabling and facilitating collaborative protein

analysis on a large scale.

The HUPO Liver Proteome Project (LPP) [244], the HUPO Brain Pro-
teome Project (BPP) [245], the HUPO Plasma Proteome Project (PPP) [246],
the HUPO Cardiovascular Initiative (CVI) [247], the Proteome Biology of
Stem Cells Initiative [244] and HUPO Kidney and Urine Proteome Project
(KUPP) [248] all aim to map the proteomes of the respective systems
with a focus on the discovery of biomarkers for the development of di-
agnostics and therapeutics for human diseases. The Human Disease Gly-
comics/Proteome Initiative (HGPI) is focused on the sub-proteome of gly-
coproteins and aims to identify disease-related glycosylation changes in
blood and urine. The Disease Biomarker Initiative is an integrative HUPO
initiative that groups biomarker related projects in different organs [249].
The Mouse Models of Human Disease Initiative (MMHD) is still in the
build-up phase. Many of the projects have initiated pilot projects to ex-
plore the portfolio of available proteomics techniques, establish standard
operating procedures and set up the infrastructure for data collection, in-

tegration and dissemination.

While there is collaboration amongst the various HUPO projects, there
are two initiatives of overarching relevance to all HUPO related activities
as well as to the proteomics community as a whole. One is the Human

Antibody Initiative (HAI) [250] which aims to generate a comprehensive
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catalogue of validated antibodies against every human protein within ten
years. The aforementioned Human Protein Atlas was setup by the HAIL
Apart from the antibodies systematically generated as part of the HPA
project, already existing affinity reagents from research groups and com-
mercial companies will also be incorporate into the catalogue. The sec-
ond initiative of wider impact on proteomics research is the Proteomics
Standard Initiative (PSI) [251]. The initiative was founded to address the
need for systematic approaches to model, capture, and disseminate pro-
teomics experimental data to facilitate data comparison, exchange and
verification [252]. PSI has developed and implemented standards for the
representation of mass spectrometry [253] as well as protein interaction
data [254].

1.7 Proteomics repositories and databases

1.7.1 Primary mass spectrometry proteomics data reposito-

ries

With the move from small-scale, single-lab studies towards large-scale,
collaborative, high-throughput approaches, the proteomics community
quickly acknowledged the need for resources to systematically harvest
the large amounts of experimental data generated to facilitate sharing
and comparison of data [252, 255]. Over the years a number of reposi-
tories have emerged that capture MS proteomics data and make it pub-
licly available. They all differ in the way data is submitted and made ac-
cessible, their functionality and their content. Relevant in the context of
this work are the Protein Identification Database (PRIDE) [256], the Global
Proteome Machine Database (gpmDB) [257], PeptideAtlas [149] and the
Human Proteinpedia (HuPA) [258]. For a comprehensive review of public
proteomics repositories see [259, 260].
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1.7.1.1 Global proteome machine database

The gpmDB, hosted by the University of Manitoba, Canada, was origi-
nally developed as a web front end for the X!Tandem search engine. Data
is submitted in the form of mass spectra together with a limited amount of
experimental metadata. Spectra are subsequently identified mainly based
on protein sequence information from the Ensembl database. The submit-
ter can choose if the data is only processed or also stored in the database.
Identifications can be accessed on peptide level as well as in the context
of the protein sequence, where the identification frequencies of peptides
originating from different parts of the protein are indicated. Libraries
of confidently identified proteotypic peptides for various species can be

downloaded.

1.7.1.2 PeptideAtlas

The Institute of Systems Biology in Seattle, USA, has developed the re-
source as a pipeline for genome annotation with proteomics data. Pep-
tideAtlas accepts submissions of peptide identifications and peak lists,
along with a minimal amount of information about the experiment. Sub-
mitted peak lists are processed by the Trans Proteomic Pipeline which con-
sists of the SEQUEST™™ search engine and the PeptideProphet validation
algorithm for identification [261]. Identified peptides are integrated with
the genome sequence by mapping them to Ensembl protein sequences us-
ing the basic local alignment search tool (BLAST) [262]. Similar to gpmDB,
PeptideAtlas visualises peptides in the context of the protein sequence,
together with information about observability and peptide uniqueness
across the genome. Proteotypic peptide sets are also available for down-
load.

1.7.1.3 Protein identification database

Developed at the European Bioinformatics Institute, Hinxton, UK, PRIDE
is a pure repository for proteomics experiments which does not process
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the submitted data in any way. PRIDE accepts submission of protein and
peptide identifications as made by the submitter, together with support-
ing evidence, detailed information about the experimental protocol and
literature references, making extensive use of ontologies and controlled
vocabularies to ensure consistency of annotations. All data submitted to
PRIDE is validated against current proteomics data standards. Although
submitted data is not re-processed, protein and peptide identifications are
periodically mapped to the latest protein database entries via the UniProt
Archive [263], a warehouse of all publicly available protein sequences.
This facilitates data integration within the PRIDE database as well as with
external resources. Protein and peptide identifications can be accessed via
a web-interface and the PRIDE BioMart [264, 265].

1.7.1.4 Human Proteinpedia

HuPA differs from the above resources in that it is not only a repository of
mass spectrometry data, but also stores data from a diverse range of exper-
imental platforms, including yeast two-hybrid screens, peptide/protein
arrays, immunohistochemistry, co-immunoprecipitation and fluorescence
microscopy [258]. HuPA is developed by the Johns Hopkins University,
Baltimore, USA, in collaboration with the Institute of Bioinformatics, Ban-
galore, India. Like PRIDE, it accepts submissions of mass spectrometry ex-
periments together with extensive ontology based meta information. MS
proteomics data is integrated with data from other experimental platforms
and protein annotations through the Human Protein Reference Database
(HPRD) [266]. Raw data and identifications are available in different flat
file and extensible markup language (XML) formats.

1.7.1.5 The ProteomExchange consortium

As each of the above repositories captures a different subset of data and
currently provides it in a different form, accessing all proteomics data

available in public databases still requires considerable effort. The Pro-
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teomExchange consortium has been established with the aim of setting up
a regular data exchange between major proteomics repositories, including
PRIDE, PeptideAtlas and gpmDB [267].

1.7.2 Protein sequence databases
1.7.2.1 UniProtKB

Protein sequence information is generated in a highly redundant fash-
ion, resulting in sequence data corresponding to a single protein coming
from many different sources such as genome projects, full length cDNA,
or less frequently, protein sequencing. UniProt [268], a resource unify-
ing the Swiss-Prot [269], TTEMBL [269] and Protein Information Resource
(PIR) [270] databases, was created with the aim of providing a central
database where sequences relating to the same protein are merged into a
unique entry describing all unique protein products of an individual gene.
The UniProt Knowledgebase (UniProtKB) provides extensive curated in-
formation on proteins, including functional annotation, classification and
cross references to external databases. Increasing use of controlled vocab-
ularies and ontologies improves data integration and programmatic data

access.
UniProtKB/Swiss-Prot is supplemented by UniProtKB/TrEMBL which

contains protein sequences resulting from translation of nucleotide se-
quences in the European Molecular Biology Laboratory (EMBL) nu-
cleotide sequence database [271] which are then electronically annotated

based on similarity to sequences in UniProtKB/Swiss-Prot.

In 2001 the UniProt consortium launched the Human Proteome Initiative
(HPT) [272], a major project to annotate all known human sequences ac-
cording to the Swiss-Prot quality standards. A partial success in reach-
ing this aim was recently achieved with the availability of a manually cu-
rated representation of all currently known human protein-coding genes

in Swiss-Prot.
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1.7.2.2 Ensembl

Ensembl is one of three resources (Ensembl [10], University of California
Santa Cruz (UCSC) GenomeBrowser [273], NCBI MapView [274]) that in-
tegrate a diverse range of information about genes, transcripts, proteins
and functional DNA elements on the annotated genome sequence. Gene
models in Ensembl are predicted by the Ensembl annotation pipeline [9]
based on mRNA and protein sequence data from the EMBL nucleotide se-
quence database, UniProtKB and RefSeq [275] . Transcripts derived from
the gene models are translated into protein sequences. It should be noted
here that the protein sets provided by Ensembl are partially redundant on
sequence level as translations of transcripts with different untranslated re-
gions (UTR) but identical coding sequences (CDS) are propagated as sep-
arate database entries.

1.7.2.3 International Protein Index

The International Protein Index (IPI) [276] is a database that has been
created to offer a complete non-redundant representation of protein se-
quences in the public domain. IPI entries are derived by clustering entries
from primary sequence databases based on sequence similarity, as well as
information from the source database indicating that they represent the
same biological entity. Master sequences are chosen for each cluster ac-
cording to a defined hierarchy of the source databases [276]. Initially de-
veloped for the primary analysis of the human genome sequence, IPI is
now a prime database for MS based identification of proteins. A trade-
off between sequence databases of high quality but limited coverage like
Swiss-Prot and more comprehensive but also more redundant databases
like NCBInr, IPI offers a maximally complete but minimally redundant set

of protein sequences.



1.8 Ontologies 40

1.8 Ontologies

In the context of databases, the concept of ontologies should be briefly
introduced as they are of increasing importance in the organisation and
processing of biological information, including functional annotation of
genes and proteins. In this work ontologies are used to analyse the func-
tional composition of protein sets.

In analogy to the philosophical concept, ontologies in the life sciences
are applied to the categorisation of objects and the description of the re-
lationships between them. Ontologies are structured and well defined
controlled vocabularies allowing for a unified and consistent annotation
of objects. Ontologies are formally structured as directed, acyclic graphs
(DAG). In a DAG information flows only in one direction without any
circular relationships between the nodes of the graph. The nodes of the
graph are terms describing an object or function and the edges connecting
the nodes define the relationships between the terms. The nodes of the
graph are organised hierarchically such that terms describing more gen-

eral concepts are parent nodes of more specific child terms.

The most important ontology to unify functional annotation of genes and
gene products is the Gene Ontology (GO) [277]. It consists of three or-
thogonal ontologies, sometimes also referred to as categories, which per-
mit complementary description of gene function in terms of their molecular
function, the biological process they act in and the cellular component they are
part of. The hierarchical structure of the ontology is exemplified in fig-
ure 1.5, showing the graph of the parent-child relationships for the term
translation which is part of the molecular function ontology. It also illus-
trates the complexity of the ontology structure. Note the directionality of

the graph and the absence of circular relationships.

When performing statistical tests on individual ontology terms statistical
dependencies between terms introduces by the graph structure have to be

taken into account and corrected for [278].

Two other ontologies of importance in the context of this work are the
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Figure 1.5: Example of the parent-child relationships of a GO term. Shown
are the paths through the GO graph from the term translation to the root
term of the molecular function ontology. Note the directionality and ab-
sence of circular relationships. The graph was generated by the Ontology
Lookup Service [279].
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eVOC ontology [280] and InterPro [281]. eVOC is used to unify the anno-
tation of gene expression data. Ensembl transcripts are linked transitively
with eVOC terms by mapping ESTs and Affymetrix probesets of eVOC an-
notated expression datasets to the genome. Expression information from
EST libraries deposited in the dbEST database [282] and mRNA expres-
sion profiling data from the Genomics Institute of the Novartis Research
Foundation (GNF) Atlas of Gene Expression [283] is used to annotate En-

sembl transcripts.

InterPro describes the relationship between protein families and domains.
Strictly speaking the InterPro hierarchy is a controlled vocabulary rather
than an ontology as it does not have a DAG structure and contains cyclical

relationships.

1.9 Dissertation outline

After this introduction to concepts, technologies and methods important
in the context of the large-scale study of protein function, the following
three chapters are concerned with a comprehensive evaluation of experi-
mental and in silico data that aims to critically assess the performance and
scope of current mass spectrometry based annotation of the human pro-
teome. In each chapter a separate introduction to the background of the
respective topic will be given.

Chapter two describes the results of an integrative bioinformatics analysis
of protein expression data, generated in a large-scale collaborative study of
the human brain proteome, to examine resolution, functional composition

and coverage of the studied proteome.

Chapter three assesses, to what extent the findings from the analysis of
the brain proteome study reflect global trends in mass spectrometry based
proteomics on the basis of a comprehensive survey of proteomics data in

the public domain in the context of the genome sequence.

Following on from the results obtained from the analysis of experimental

data, the fourth chapter will outline and evaluate a strategy to improve
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the selectivity and sensitivity of targeted proteomics approaches through

diversification of peptide populations by combinatorial proteolysis.

The dissertation concludes with a brief summary and outlook section.



Chapter 2

Anatomy of a collaborative
large-scale proteomics study:

functional analysis of proteins
identified in the HUPO Brain

Proteome Project pilot phase

2.1 Introduction

Availability of the human genome sequence [6] paved the way for the
application of high-throughput methods to the study of the human pro-
teome. Given the complexity of the proteome, however, the proteomics
community could only take full advantage of the opportunities ahead by
harnessing the power of collaborative research. With the foundation of the
Human Proteome Organisation (HUPO) [284, 285] in February 2001, the
proteomics community formally acknowledged the magnitude of the chal-
lenges involved in studying the human proteome. HUPO’s mission state-
ment is “To define and promote proteomics through international coopera-
tion and collaborations by fostering the development of new technologies,

44
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techniques and training to better understand human disease” [286].

The HUPO Brain Proteome Project (BPP) is one of the currently seven ini-
tiatives dedicated to the study of cells, tissues and bodily fluids [245, 284,
244,246, 248, 247, 244]. The aims of the BPP are to define the protein com-
plement of the human brain in health and disease and to detect qualitative
and quantitative changes associated with physiological and pathological
states with a focus on neurodegenerative diseases and ageing. The long

term aim is to reveal potential biomarkers for brain diseases.

The brain is the most highly developed organ of the human body charac-
terised by its diversity of cell types and complex structure. It is thought
that up to 50% of all protein-coding genes are expressed in the brain.
Given current estimates of the total number of protein-coding genes in the
human genome that is still only around 11000 genes. Phenotypic complex-
ity from this relatively small gene pool is achieved by post-transcriptional
and post-translational mechanisms: alternative splicing, covalent modifi-
cation and proteolytic processing result in an extensive diversification at
protein level and modulate protein activity, as well as the intricate network
of protein interactions that adds an additional layer of complexity. Thus,
findings from genomic and transcriptomic studies - that have already con-
tributed important information to the understanding of this highly com-
plex organ [287, 288] - have to be complemented by proteomics investiga-
tions.

Studying the composition of the brain proteome will also contribute to the
understanding of the evolution of this complex organ. It has been sug-
gested that variations at the protein level are major determinants of dif-
ferences between species with very similar genome sequences, and that
these variations play a particularly critical role in the evolution of the
brain [289].

Finally, proteomics can help to identify proteins involved in neurode-
generative changes that cause common brain-related diseases [290]. The
study of brain proteins has therefore become an important tool in medi-
cal and pharmaceutical research, and has contributed to the elucidation of
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the molecular mechanisms underlying neurodegenerative diseases such
as Alzheimer’s, Parkinson’s, and multiple sclerosis [287, 288, 291, 292, 293,
294, 295].

Apart from technological challenges common to all current proteomics
analyses the structural and compositional complexity of the brain poses
a significant additional analytical challenge to brain proteomics. The com-
plex organisation makes it difficult to prepare the often small substruc-
tures under study. Potential changes caused by a pathological condition
could thus be overshadowed by existing differences between target and
proximate areas [290].

Furthermore, human brain tissue per se is difficult to obtain. Several ap-
proaches therefore focus on the analysis of brain derived proteins in bodily
fluids like cerebrospinal fluid (CSF) [236, 296]. CSF is widely considered
the most suitable "proximal’ fluid as it is in direct contact with the central
nervous system (CNS) and thus a likely candidate for the identification of
disease biomarkers that reflect neuropathological changes [297, 298].

The HUPO BPP study analysed the protein content of human temporal
lobe tissue. The advantage of temporal lobe tissue being that it can be
obtained from living, albeit not healthy, individuals by excisional biopsy
from patients undergoing temporal lobectomy, a neurosurgical interven-
tion to treat epilepsy [299].

The temporal lobes are part of the cerebrum and located at the sides of
the brain. They are involved in emotional responses, linguistic and visual
semantics, aural processing and memory [300]. Temporal lobe tissue is
an important subject of study for epilepsy research, as seizures in mesial
temporal lobe epilepsy (MTLE) - one of two main types of epilepsy - arise
from the hippocampus which is part of the temporal lobes [301]. Sev-
eral proteomics studies have analysed temporal lobe tissue to investigate
the causes of epilepsy [302]. Proteomic analysis of temporal lobe tissue is
also relevant to the understanding of other neurological diseases such as
Alzheimer’s disease [303, 304, 305] and schizophrenia [306].

The HUPO BPP was launched in April 2003 [307] and is the first attempt
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to systematically study the brain proteome on a large scale. A pilot study
to evaluate different fractionation and mass spectrometry (MS) technol-
ogy platforms and to establish a central informatics infrastructure to col-
late, integrate, analyse and disseminate experimental data was agreed in
September 2003 [308]. Nine groups participated in the study, which con-
cluded in 2006 [132].

Participants analysed protein samples from specimens of human tempo-
ral lobe tissue obtained by autopsy and biopsy [309, 310, 311]. Biopsy
specimens originated from hippocampal tissue obtained from a patient
who underwent surgical treatment of MTLE. Autopsy samples were ob-
tained from the same area from an individual with no signs of neurode-
generation. Tissue specimens from autopsies have the advantage of being
“normal”, as they originate from tissue that did not undergo patholog-
ical changes. A drawback of autopsy material is, however, that many
proteins will have already been degraded if the autopsy was performed
more than a couple of hours after death. Therefore, one objective of the
HUPO BPP study was a comparative assessment of the suitability of the
two different specimen types for the study of the brain proteome. Mouse
brain samples taken from different developmental stages were also anal-
ysed [312, 313, 314, 315, 316] but the corresponding findings are not the
subject of the analysis presented here.

All mass spectra generated in the pilot study were collated in a central
data collection centre (DCC) and subjected to an automatic reprocessing
pipeline to obtain consistent results across the heterogeneous datasets sub-
mitted. Data reprocessing as well as peptide and protein identification
was conducted by collaborators at the Centre for Medical Proteomics in
Bochum and is described in [317]. In brief, mass spectra were searched
against a composite database consisting of International Protein Index
(IPI) protein sequences and decoy sequences obtained by shuffling of the
amino acid sequences of the original IPI entries. The false positive rate
of protein identification could then be determined based on the identifica-
tion rate of decoy sequences. To obtaine a set of high confidence protein
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identifications results from the three different search engines SEQUEST,
MASCOT and ProteinSolver were combined using the custom algorithm
ProteinExtractor [317].

This chapter discusses the results of an integrative bioinformatics analysis
downstream of the peptide and protein identification process which was
carried out with the aim to put the identified proteins into a broader bi-
ological context. To this end protein identification were integrated with
existing knowledge derived from different, mainly protein-centric data

sources.

First, an overview of the protein sets identified in the participating lab-
oratories by different technologies is provided. Then the dataset is illu-
minated from a functional perspective by analysing it in the context of
genomic and transcriptomic information, categorising protein identifica-
tions by subcelluar localisation, molecular function and biological pro-
cess, grouping them into protein families and mapping them to biolog-
ical pathways. The detection of proteins pivotal to brain function is as-
sessed based on a detailed analysis of peptide evidence. Since splice iso-
forms can play an important role in neurodegenerative diseases such as
Alzheimer’s [318, 319, 320] peptide evidence is also analysed with regard
to splice isoform resolution for brain specific isoforms. Finally, brain spe-
cific peptide evidence from the HUPO BPP study is compared to that from
a large scale proteomics study in CSF [236] to investigate the detection of
brain derived proteins in CSF.

2.2 Materials & methods

2.21 Protein and peptide identifications

HUPO BPP protein and peptide identifications resulting from centralised
reprocessing of the collected mass spectra [317] along with sample meta-
data were obtained from the Protein Identification Database (PRIDE) in

form of nineteen sets of IPI entries identified in the respective experiments
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together with the peptide identifications used for protein inference. De-
tails of the datasets are shown in table 2.1.

Table 2.1: HUPO BPP experiments in human temporal lobe tissue. De-
tails of the 19 experiments that identified proteins in human temporal lobe
specimens. Given for each experiment are an experiment ID (exp. ID), an
ID for the laboratory that generated the mass spectra (lab ID), the speci-
men type the protein sample was obtained from, the separation technique,
the MS device used for peptide identification, the MS technology of the de-
vice (MS tech.), the number of proteins identified (ident. freq.) and the size
of the non-redundant set of proteins identified (ident. freq. nr).

exp. lab specimen separation MS MS ident. ident.
ID ID type technique  device tech. freq.  freq.
nr
07 02  biopsy 2D-PAGE  ABI 4700 TOF 31 7
08 02 autopsy  2D-PAGE  ABI4700 TOF 1 1
vs biopsy
14 10  autopsy  2D-LC Finnigan LTQ IT 234 234
vs biopsy IT
16 10  autopsy  2D-LC Finnigan LTQ IT 406 406
17 10  autopsy  2D-LC Finnigan LTQ IT 481 481
18 10 autopsy  2D-PAGE  ABI 4700 TOF 72 63
15 10 autopsy  2D-PAGE  ABI 4700 TOF 5 3
vs biopsy IT
29 12 biopsy 1D-PAGE  Finnigan LCQ Classic IT 45 45
26 12 biopsy 2D-PAGE  Finnigan LCQ Classic IT 47 29
28 12 biopsy 2D-PAGE  Finnigan LCQ Classic IT 30 28
27 12 biopsy 2D-LC Finnigan LCQ Classic  IT 169 169
33 12 autopsy = 1D-PAGE  Finnigan LCQ Classic IT 55 55
30 12 autopsy = 2D-PAGE  Finnigan LCQ Classic IT 47 47
32 12 autopsy = 2D-PAGE  Finnigan LCQ Classic IT 53 46
31 12 autopsy  2D-LC Finnigan LCQ Classic IT 118 118
34 12 autopsy  2D-LC Finnigan LCQ Classic  IT 137 137
35 13 biopsy 1D-PAGE  Finnigan LTQ FT ITFT 1235 1235
36 13 biopsy 1D-PAGE  Finnigan LTQ FT ITFT 480 480
37 14 autopsy = 2D-PAGE  Bruker Ultraflex TOF 322 202

Protein and peptide identifications made by Pan et al. in CSF [236] were
also obtained from PRIDE. Details of the experiments are shown in ta-
ble 2.2.
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Table 2.2: Experiments in human CSF. Details of the experiments that
identified proteins in human cerebrospinal fluid. For each experiment an
experiment ID (exp. ID), the separation technique, the MS device used
for peptide identification, the MS technology of the device (MS tech.),
the number of proteins identified (ident. freq.) and the size of the non-
redundant set of proteins identified (ident. freq. nr) are given.

exp. separation MS MS  ident. ident.
ID  technique device tech. freq. freq.
nr
212 2D-LC Finnigan LCQ IT 357 357
217  2D-LC Finnigan LTQ IT 535 535

2.2.2 Database release mapping
2.2.21 Protein and peptide mapping

IPI entries were mapped from IPI release 3.05 to releases 3.14 and 3.29
using the IPI history file available from the IPI database file transfer
protocol (FTP) server (ftp://ftp.ebi.ac.uk/pub/databases/IPI/current/
ipi. HUMAN. history.gz). Peptide identifications were mapped to sequence
entries of IPI release 3.29 by identical string matching. A maximal explana-
tory set of proteins was obtained by retaining all IPI entries with at least
one peptide match against their sequence. No enzyme constraints were
enforced. The set was mapped to Ensembl protein and gene entries us-
ing cross reference information obtained from the IPI database FTP server
(ftp:/ /ftp.ebi.ac.uk/pub/databases/IPI/current/ipi. HUMAN.xrefs.gz).

2.2.3 Protein annotations
2.2.3.1 Sorting signals and transmembrane domains

Signal sequences, transit sequences and transmembrane domain annota-
tions were obtained from the UniProt Knowledgebase (UniProtKB) [321]
and Ensembl [322]. Sequences without information in either of the
databases were subjected to the respective prediction algorithms: pres-
ence of signal and transit sequences was predicted with SignalP 3.0 [323]


ftp://ftp.ebi.ac.uk/pub/databases/IPI/current/ipi.HUMAN.history.gz
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and TargetP 1.1 [204] respectively. TMHMM 2.0 [324] was used to predict

transmembrane domains.

2.2.3.2 Protein domains and families

Assignment of proteins to protein families was based on InterPro [325]
domain signatures identified in the sequence by InterProScan [326]. In-
terPro annotations for IPI entries were obtained from the IPI FTP server
(ftp.ebi.ac.uk/pub/databases/IPI/current/ipi. HUMAN.IPC.gz).

2.2.3.3 Splice isoforms

IPI entries that were associated with the same Ensembl gene through their
Ensembl cross reference, were considered splice isoforms of the respec-
tive gene. Here, splice isoforms are defined as proteins encoded by the
same gene that differed in their protein sequence as a result of alternative
splicing. Proteins which were translations of different transcripts which
differed only in their untranslated region (UTR) and thus encode the same
protein product were considered a single splice isoform. The number of
splice isoforms on transcript level could therefore differ from the number
of splice isoforms on protein level.

Based on this definition the splice rate of a gene was given by the num-
ber of distinct translations associated with an Ensembl gene through cross
references to the respective Ensembl protein entries.

2.2.3.4 Tissue expression

Analysis of tissue expression was based on the annotation of Ensembl
transcripts with terms from the eVOC ontology [280], a controlled vocabu-
lary to describe gene expression data. eVOC annotations of Ensembl tran-
scripts were obtained from the Ensembl BioMart [327] MySQL database
(ensembldb.ensembl.org/ensembl_mart_36).


ftp.ebi.ac.uk/pub/databases/IPI/current/ipi.HUMAN.IPC.gz
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2.2.3.5 Functional categorisation

Functional categorisation of proteins was based on association of IPI en-
tries with Gene Ontology (GO) terms [277]. Assignments of IPI entries
to GO terms were obtained from the Gene Ontology Annotation (GOA)
database [328] release 38. The gene association file containing the assign-
ments was downloaded from the GOA FIP server (ftp://ftp.ebi.ac.uk/
pub/databases/GO/goa).

2.2.3.6 Biological pathways

The distribution of identified proteins across biological pathways was
analysed using information available from the Reactome database [329].
The content of Reactome version 16 was downloaded as a MySQL dump
and imported into a local MySQL database which was subsequently
queried for the relevant information using UniProtKB cross references of
identified IPI entries. A graphical representation of the distribution of
identifications across Reactome pathways was generated using the Sky-
Painter tool [330] at http:/ /www.reactome.org/cgi-bin/skypainter2.

2.2.3.7 Disease association

Associations of IPI entries with entries in the Online Mendelian Inheri-
tance in Man (OMIM) database [331] were obtained for the subset of IPI
entries with cross references to UniProtKB/Swiss-Prot. OMIM cross refer-

ences were extracted from the respective UniProtKB/Swiss-Prot entries.

2.24 Experiment clustering

A binary p X e incidence matrix I of proteins and experiments was con-
structed with a row for each protein p and a column for each experiment e.
The entry I, . had a value of 1 if protein p was identified in experiment e
and a value of 0 otherwise.


ftp://ftp.ebi.ac.uk/pub/databases/GO/goa
ftp://ftp.ebi.ac.uk/pub/databases/GO/goa
http://www.reactome.org/cgi-bin/skypainter2

2.2 Materials & methods 53

Subsequently the pairwise euclidean distance between the experiment
vectors (matrix columns) was calculated and used as the distance measure
to cluster the experiments by hierarchical clustering.

All calculations were made using the statistical programming pack-
age R [332]. The euclidean distance was calculated with the dist function
using the default parameters. The resulting distance matrix was used to
calculate the clustering of the experiment vectors with the hclust function
using the default paramaters.

2.2.5 Association with transcript expression profiles

Transcript expression levels of genes encoding proteins identified in the
HUPO BPP study were obtained from the Genomics Institute of the No-
vartis Research Foundation (GNF) SymAtlas [229]. gcRMA normalised ex-
pression data [333] was downloaded from the SymAtlas website (http://
wombat.gnf.org/downloads/gnflh,gcrma.zip). Expression profiles mea-
sured on a HG-U133A Affymetrix gene chip were linked with tran-
script entries of Ensembl release 36 based on mappings of Affymetrix
probesets to Ensembl transcripts obtained from Ensembl BioMart ver-
sion 36. GNF custom probesets were mapped to Ensembl transcripts using
the GNF chip annotation tables obtained from http://wombat.gnf.org/
downloads/gnflh-anntable.zip. IPI entries were associated with mRNA
expression levels transitively through Ensembl cross references obtained
from the IPI FTP server.

2.2.6 Analysis of splice isoform identification

To analyse the specificity of splice isoform identification, the identified IPI
entries were grouped by the Ensembl genes they were associated with.
For each set of IPI entries the peptides used for protein identification were
mapped by exact string matching to all IPI entries - both identified as well

as unidentified - associated with the respective Ensembl gene.


http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
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http://wombat.gnf.org/downloads/gnf1h-anntable.zip

2.2 Materials & methods 54

2.2.7 Gene Ontology analysis

For each GO term annotation the reflexive transitive closure was calcu-
lated. That is IPI entries associated with a specific term were recursively
mapped to all (more general) ancestor terms in the hierarchy. GO term
over- and under-represention was then assessed by calculating the hyper-
geometric distribution function Fyy,.,(x;) for each observed GO term fre-
quency x;: Let N be the number of IPI entries annotated with at least one
GO term, n the number of proteins that are annotated with a specific GO
term t, M the fraction of N that has been identified and x; the fraction of
M that is associated with GO term t. The probability P;; of observing x;
or fewer proteins associated with GO term t in a sample of size M is then

calculated according to equation 2.1.
M N-M
Al x n—i
Py = thper(xt) =P(X<x)= (2.1)

The probability Pp of observing more than x; proteins associated with GO

term t is then calculated according to equation 2.2.

Po=1-Py (2.2)

P values were calculated using the statistical analysis suite R [332]. Signifi-
cance of GO term over-representation was assessed by Pp and significance
of GO term under-representation by P;.

The significance threshold was chosen by controlling the false discov-
ery rate (FDR) at 0.01% using the linear step-up procedure by Benjamini
and Hochberg [334]. This procedure makes use of the ordered p-values
Py < ... < Py: denote the corresponding null hypotheses Hj, ..., H;,. For
a desired FDR level g, the ordered p-value P; is compared to the critical
value g -i/m. Letk = max{i: P; < q-i/m}. Then reject Hy, ..., Hy if such a
k exists [335].
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Only GO terms assigned to ten or more proteins were considered in the
analysis. It should be noted that due to multiple testing issues and depen-
dencies between GO terms the obtained P values have to be interpreted

with caution.

2.2.8 Identification of genes putatively pivotal to CNS

function

A list of genes putatively important for CNS function was compiled based

on three sources of information:

1. biomedical literature
2. curated annotation

3. mRNA expression profiles

2.2.8.1 Biomedical literature

The biomedical literature was queried via PubMed (http://www.

pubmed.org) using the search expression:

(brain[TI] AND specific[TI] AND splice[TI]) OR
(brain[TI] AND specific[TI] AND isoform[TI]) OR
(alternative splicing[MeSH] AND brain[MeSH] AND humans [MeSH])

Gene names were manually extracted from the title and abstract of the re-
trieved publication. The gene names were subsequently mapped to En-
sembl gene identifiers by querying the Ensembl database with the ob-
tained gene names. Gene names not mappable through Ensembl di-
rectly were first converted to approved Human Genome Organisation
Genome Nomenclature Consortium (HGNC) [336] gene symbol by search-
ing the HGNC database (http://www.genenames.org) [337]. The ob-
tained HGNC symbols were then used to query Ensembl.


http://www.pubmed.org
http://www.pubmed.org
http://www.genenames.org
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2.2.8.2 Curated annotation

The UniProtKB/Swiss-Prot database was queried with a keyword search
for ’brain’. The retrieved entries were then filtered manually based on
the comment line topic "tissue specificity” [338] for proteins annotated
as brain specific or having a brain specific splice isoform. The obtained
UniProtKB/Swiss-Prot accession numbers were mapped to Ensembl gene
identifiers using Ensembl BioMart.

2.2.8.3 Transcript expression

Genes expressed preferentially in CNS tissues were identified using the
GNF SymAtlas datasets [229]. gcRMA normalised expression data [333]
was downloaded from the SymAtlas website (http://wombat.gnf.org/
downloads/gnflh,gcrma.zip) and screened for expression profiles show-
ing maximum expression in adult CNS related tissue and < 10% of the
maximum expression value in all other tissues. Embryonic tissues were
excluded from the search. The obtained Affymetrix probeset identifiers
were mapped to Ensembl gene identifiers using Ensembl BioMart. GNF
custom probeset identifiers were mapped to Ensembl gene identifiers us-
ing the GNF chip annotation tables (http://wombat.gnf.org/downloads/
gnflh-anntable.zip).

2.29 Monte Carlo simulation to assess enrichment of

genes putatively pivotal to CNS function

A set of IPI entries indentical in size to the number of IPI entries matched
by peptides identified in the HUPO BPP study was randomly sampled
from IPI version 3.29. The selected IPI entries were mapped to Ensembl
gene entries. Subsequently, the intersection between the randomly se-
lected gene set and the set of genes identified as described in section 2.2.8
was calculated.


http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
http://wombat.gnf.org/downloads/gnf1h-anntable.zip
http://wombat.gnf.org/downloads/gnf1h-anntable.zip
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2.2.10 Permutation testing to assess the performance of

proteotypic peptide predictions

A set of peptides was sampled randomly from the population of peptide
sequences unique across the IPI database. A combination of separation
and detection method sampled from the pool of combinations used in
the HUPO BPP experiments was then assigned randomly to each pep-
tide. For each peptide the overlap between randomly assigned separation
and detection method was compared to the predictions made by Mallick et
al. [339]. Average random overlap was calculated over ten thousand per-

mutations.

2.3 Results

2.3.1 Database release mapping

Central reprocessing of mass spectra generated by the participating labo-
ratories in human specimens during the HUPO BPP pilot study produced
nineteen sets of protein identifications (see table 2.1) containing a non-

redundant set of 1832 proteins.

IPT version 3.05 was used as the sequence database for protein identifi-
cations during central reprocessing. To allow integration with the most
recent annotations, identifications were first mapped to version 3.14, the
current IPI version at the time of the analysis. The results of the mapping

are summarised in table 2.3.

While the majority of identified IPI entries (1737 [94.8%]) remained un-
changed, 95 IPI entries had changed between the two database releases.
Of these, 93 were propagated to new entries which in 23 cases resulted
in merging with one or more entries in the original set. Two entries had
been removed from the database because the master sequence of the IPI
cluster had become defunct in the source database. The mapped set of
identifications contained 1806 IPI entries.
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Table 2.3: Summary of database release mapping. For each mapping sta-
tus the table shows the number of database entries it applies to in the
source database release, and the number of resulting entries in the target
database release.

mapping status entry count entry count
IP1 V3.05 IPIV3.14

Unchanged 1737 1737
Propagated 93 66
Removed 2 -
Total Mapped 1830 1806

2.3.2 Overview of protein identifications in autopsy and

biopsy specimens of human temporal lobe tissue

2.3.2.1 Identification by experiment, laboratory, MS approach and

specimen type

Autopsy and biopsy specimens of temporal lobe tissue were analysed
by five laboratories in nineteen separate experiments using different gel-
based and gel-free mass spectrometry approaches. Figure 2.1 shows the
identification frequency by experiment, laboratory, separation technique

and specimen type.

The bar plots show that the identification frequency varies greatly on all
four levels. The number of proteins identified in the different experiments
ranges from a minimum of 1 to a maximum of 1299. On average 197 pro-
teins have been identified per experiment. The geometric mean lies at 62

identifications.

The identification frequency across the participating laboratories shows a
similar level of heterogeneity. While lab #02 has contributed only eight
identifications, lab #13 identified 1393 proteins. Experiments by labs #10,
#12 and #14 led to 710, 344 and 199 identifications respectively.

Categorisation of identifications by separation technique shows that the
majority of proteins have been identified in experiments employing one-
dimensional (1D)-polyacryl amide gel electrophoresis (PAGE) followed
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Figure 2.1: HUPO BPP protein identifications by experiment, laboratory,
separation technique and specimen type. The bar plots show the number
of distinct IPI entries identified.

by liquid chromatography and experiments using liquid chromatography
without prior separation. The smallest number of identifications were
made in two-dimensional (2D)-PAGE based experiments. A possible ex-
planation for this is that the majority of identifications on 2D gels origi-
nate from differential analyses of protein expression in autopsy vs biopsy
specimens narrowing down the set of identified proteins to those showing

differential expression.
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On specimen level, the number of identifications in biopsy specimens ex-

ceeds the number of identifications made in autopsy tissue by 79%.

While some labs analysed only one type of specimen using a single ap-
proach, others identified proteins in both specimen types using different
methods. Table 2.4 summarises the combinations of specimen type, sepa-
ration and MS technology, the laboratories that have employed them and
the number of proteins identified respectively.

Table 2.4: Combinations of separation and MS technologies employed in
the HUPO BPP to analyse biopsy and autopsy samples. For each combina-
tion the lab that employed the combination (lab ID), the samples analysed
(sample ID) and the number of proteins identified by the respective com-
bination are shown. Ident. freq. = the number of protein identifications
reported, ident. freq. nr = the number of non-redundant proteins identi-
fied. In case of experiments that compared biopsy vs autopsy expression,
samples were assigned to both the autopsy as well as biopsy categories.
The respective sample identifiers and identification frequencies are under-
lined.

specimen  separation MS  lab sample ident. ident.
type technique tech. ID ID freq.  freq.
nr
autopsy 1D-PAGE IT 12 33 55 55
2D-PAGE IT 12 30,32 47,46 68
TOF 2 78 71 220
10 15,18 3,63
14 37 202
LC IT 10 14;16;17 232;406;480 782
12 31,34 118; 137
biopsy 1D-PAGE IT 12 29 45 45
ITFT 13 35;36 1234;460 1393
2D-PAGE IT 12 26,28 29;28 50
TOF 2 78 71 9
10 15 3
LC IT 10 14 232 360
12 27 169
autopsy vs 2D-PAGE  TOF 2 7,8 7,1 9
biopsy 10 15 3

IC T 10 14 232 232
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Figure 2.2 shows the number of unique protein identifications if the sam-
ples are grouped by the combination of specimen and MS approaches. The
bar plot shows that the number of identifications varies greatly across the
different approaches analysing the same sample type and also between

sample types analysed with the same method.
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identifications
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IT TOF IT IT ITFT IT TOF IT TOF IT
I
1D PAGE 2D PAGE LC 1D-PAGE 2D PAGE LC 1D PAGE 2D PAGE LC
L 1L 11 |
autopsy biopsy autopsy vs. biopsy

Figure 2.2: Protein identifications in biopsy and autopsy samples by the
different gel-based and gel-free MS approaches employed in the HUPO
BPP pilot study.

The highest number of proteins (~1400) have been identified in biopsy
tissue by a combination of 1D-PAGE and ion trap (IT)-Fourier transform
(FT) MS employed by lab #13 only. Autopsy samples were not analysed
by this approach. Around 800 identifications have been made in autopsy
samples by liquid chromatography (LC) coupled to an IT instrument used
by labs #12 and #10. The same combination yielded ~400 identifications
in biopsy samples. A further 200 identifications were made in autopsy
samples separated by 2D-PAGE and analysed with time-of-flight (TOF)
MS. In biopsy samples a mere nine identifications have been made using
this combination of separation and MS technology.
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2.3.2.2 Comparison of experiments based on protein content

To compare the protein sets identified by different MS approaches in the
two specimen types an incidence matrix of protein identification versus
experiment was constructed for the nineteen different protein sets (see fig-
ure 2.3).

Similarity of the protein sets identified in the respective experiments was
assessed by computing the euclidian distance between the vectors defined
by the sets followed by hierarchical clustering based on the calculated dis-
tances. The protein sets were ordered by the clustering result shown as a
dendrogram at the top of the plot. Protein identifications were ordered by
their identification frequency across experiments indicated by the colour
code on the left hand side of the matrix.

Identification frequency across experiments differed greatly between pro-
teins and ranges from one to twelve experiments. The majority of proteins
(1055 [58%]) were observed only once. A small number, three proteins,
were observed across twelve different experiments.

The clustering results suggest that separation technique is a strong deter-
minant of experiment clustering. However, a comparison of the row densi-
ties of close experiments indicates that clustering is strongly influenced by
the size of the different protein sets. This is visualised in figure 2.4 which
shows the clustering result in context of the identification frequency.

2.3.3 Biological context of identified proteins

To put the list of 1806 proteins identified in the HUPO BPP pilot study in a
biological context, the dataset was integrated with functional annotations

from a range of biomedical data sources.

2.3.3.1 Annotation status

Figure 2.5 summarises the representation of proteins identified in the
HUPO BPP pilot study across the different IPI source databases. Shown is
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Figure 2.3: Comparison of protein identifications made in biopsy and au-
topsy samples by different gel-based and gel-free MS approaches. Inci-
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dence matrix of protein identifications (rows) vs experiments (columns).
Horizontal bars indicate the identification of a protein in an experiment.

Proteins are sorted in descending order of their identification frequency
indicated by the colour on the left hand side of each row. Experiment
metadata is indicated by the colour code above each row. Experiment clus-
tering is shown by the dendrogram above the matrix. See section 2.2.4 for

details of the clustering method.
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Figure 2.4: Clustering of experiments in the context of identification fre-
quency. The incidence matrix shown in figure 2.3 is replaced by a bar plot
of identification frequencies in the different experiments.

the frequency of identified IPI entries having at least one cross reference
in the IPI source databases ordered hierarchically as shown on the plot.
For example a protein that has a cross reference in UniProtKB/Swiss-Prot
contributes to the UniProtKB/Swiss-Prot frequency and is not counted
for any of the other databases, a protein that has no cross reference in
UniProtKB/Swiss-Prot but in VEGA will be counted for VEGA and none
of the other databases etc. Frequencies are plotted for all entries in the IPI
database, the entries identified in the HUPO BPP study, as well as the BPP
identifications grouped by separation technique.

The annotation status of a protein can to some extent be inferred from the
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Figure 2.5: Representation of proteins identified in the HUPO BPP pi-
lot study across IPI source databases. Shown is the frequency of iden-
tified proteins having at least one representative in the respective IPI
source databases in the (top-to-bottom) order shown on the plot. See sec-
tion 2.3.3.1 for a detailed explanation.
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type of sequence database it is found in: proteins represented in manually
curated databases like UniProtKB/Swiss-Prot tend to be relatively well
known and characterised, while protein sequences resulting from unre-
viewed translation of complimentary DNA (cDNA) sequences or compu-
tationally predicted gene models tend to be novel and less well or not at

all characterised.

The databases in figure 2.5 are loosely ordered by the level of curation and
supporting evidence their entries are based on. UniProtKB/Swiss-Protis a
high quality database containing exclusively manually curated protein en-
tries. VEGA and RefSeq NP entries are manually reviewed, while Ensembl
protein entries are translated from gene models predicted computationally
from various lines of evidence. UniProtKB/TrEMBL, H-Inv, and RefSeq
XP entries are translations of nucleotide sequences and unreviewed gene

models, respectively.

The most striking difference between the subset of IPI entries identified
in the HUPO BPP study and the whole of IPI was the number of entries
represented in Swiss-Prot, the manually curated part of UniProtKB. Al-
most 80% of identified proteins in the HUPO BPP pilot study had a corre-
sponding entry in UniProtKB/Swiss-Prot, compared to only around 40%
for the whole of IPI. On the other hand only a relatively small proportion
of 4% of identified protein sequences were translations of predicted tran-
scripts (RefSeq XP) or cDNA sequences (UniProtKB/TrEMBL, H-InvDB).
In IPI overall, 20% of entries were exclusively derived from these three
databases. Furthermore, the plot suggests that the database distribution is
independent of the separation technique.

2.3.3.2 Genomic context

The HUPO BPP dataset was integrated with genomic information by map-
ping the identified IPI entries to entries in the Ensembl genome database.
1509 identifications had a cross reference to Ensembl protein entries asso-
ciating them with 1420 Ensembl genes. Of these 1395 were categorised as
known and 25 as hypothetical genes. The latter are gene models based
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on evidence from closely related species for which there is no species (hu-
man) specific evidence available. The peptides identified in the HUPO
BPP study provided experimental evidence for the existence of these genes
as well as their expression on protein level. Due to the absence of corre-
sponding Ensembl protein entries 297 (16%) identifications could not be

mapped to Ensembl.
In IPI the 1806 identifications are associated with 1773 IPI gene entries.

The relatively large discrepancy between IPI and Ensembl gene numbers
is the result of firstly, not all identified IPI entries being represented in
Ensembl and secondly, the definition of ‘gene’ in IPI which differs from
its biological meaning. Sometimes IPI entries are assigned to separate IPI
gene entries even if they might originate from the same gene but merging
them into one IPI gene entry would lead to contradictory IPI cross refer-
ences. These contradictions are the result of inconsistencies in the protein-

to-gene associations between the IPI source databases.

2.3.3.3 Identification of splice isoforms

Alternative splicing provides a powerful mechanism to establish transla-
tional complexity from a relatively small number of genes, and the im-
portance of splicing in human genome biology has been underlined re-
cently [340]. Splice isoforms are likely to differ in function and subcellular
localisation, and often show differential tissue distribution. Isoform iden-
tification in proteomics remains challenging, however, due to the degen-

eracy of the identified peptide sequences [52].

Figure 2.6 shows the splice isoform frequency for genes encoding proteins
identified in the pilot study compared to the whole of Ensembl. Consistent
with the splice rate on genome level, the majority of Ensembl proteins
identified in the HUPO BPP are the product of genes with only one distinct
translation. However, when examined in more detail, there seemed to be
a slight bias towards the identification of alternatively spliced genes with
splice rates ranging from two to ten translations per gene in the HUPO
BPP.
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Figure 2.6: Splice rate of genes encoding proteins identified in the HUPO
BPP pilot study (HBPP) in comparison to all protein-coding genes in En-
sembl. The splice rate is based on the number of distinct protein sequences
associated with a gene. Note that the isoform frequency on protein level
differs from the splice rate on transcript level as genes might have more
alternative transcripts then alternative protein products. This is the result
of transcripts differing only in their UTRs and thus encoding the same
protein sequence.

Figure 2.7 summarises splice isoform identification for genes encoding al-
ternative protein products. Shown is the number of protein isoforms en-
coded by a gene versus the number of isoforms identified. The height of
the bars is proportional to the observation frequency of each case. For
example, for 54 (42 + 12) genes two of the two encoded protein isoforms
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were reported as identified while in 280 cases (93 + 187) only one isoform
is present in the HUPO BPP dataset. In some cases all protein products
encoded by a gene were identified. However, for the majority of alterna-
tively spliced genes only a small fraction of all isoforms is reported present
in the dataset.

To evaluate the specificity of splice isoform identification the distribution
of peptide matches across all translations of an identified gene was deter-
mined. Peptides could then be categorised into three classes:

1. peptides matching all translations of a gene
2. peptides matching only a subset of translations

3. peptides matching exactly one translation

The latter class unambiguously identifies a particular splice isoform and
is thus highly informative. The proportion of splice isoforms identified
by one or more unambiguous peptide hits is shown in figure 2.7 by the
area of the bar shaded in dark blue. Of the 519 protein products of alter-
natively spliced Ensembl genes, 219 (52%) were identified unambiguously

by isoform specific peptide evidence.

2.3.3.4 Evidence for hypothetical genes and transcripts

Of the 1509 identifications that could be associated with an Ensembl gene,
1440 were translations of known, and 69 of hypothetical, Ensembl tran-
scripts. Amongst the unambiguously identified sequences were 30 trans-
lations of hypothetical Ensembl transcripts, of which 22 are encoded by
hypothetical genes (see table 2.5). Eight were hypothetical transcripts of
known genes (see table 2.6).
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Figure 2.7: Identification of splice isoforms. Shown is the number of pro-
tein isoforms encoded by a gene as derived from the Ensembl database
(x-axis) versus the number of identified isoforms (y-axis). The height of
the bars is proportional to the observation frequency of each case. The
proportion of isoforms identified by unambiguous peptide hits is shown
in dark blue. The proportion of isoforms identified only by ambiguous
peptides is shown in light blue. The corresponding absolute frequencies
are given below and above the bar.
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Table 2.5: Proteins translated from hypothetical transcripts and genes pre-
dicted by the Ensembl annotation pipeline with unambiguous peptide ev-
idence identified in the HUPO BPP pilot study.

IPTID

Ensembl
transcript
ID

Ensembl
gene
ID

InterPro family (F)
InterPro domain (D)
Ensembl family (EF)

IP100551011
IP100399121
1P100246022
1P100218084
1P100178323
1P100402141
IPI00377005
1P100457363
IPI00050211
IPI00176698
IP100253411

1100243603
1P1I00478539

1P100514712

1P100477548

IP100453476

IP100374021

IP100398418

IP100021196
IP100514841

1P100477086

IP100411506

ENST00000347377
ENST00000297820
ENST00000326308
ENST00000316258
ENST00000326994
ENST00000324925
ENST00000330554
ENST00000328175
ENST00000327852
ENST00000332498
ENST00000327600

ENST00000335008
ENST00000360026

ENST00000359559

ENST00000358493

ENST00000355965

ENST00000264132

ENST00000359736

ENST00000360887
ENST00000361329

ENST00000359418

ENST00000343340

ENSG00000055163
ENSG00000165121
ENSG00000176661
ENSG00000178510
ENSG00000178759
ENSG00000181312
ENSG00000183022
ENSG00000183247
ENSG00000184200
ENSG00000184844
ENSG00000185439

ENSG00000186728
ENSG00000196157

ENSG00000196448

ENSG00000196829

ENSG00000197041

ENSG00000197106

ENSG00000197799

ENSG00000198214
ENSG00000198751

ENSG00000187647

ENSG00000128422

Cytoplasmic fragile X men-
tal retardation protein inter-
acting protein (F)

Kinesin, motor region (D)
H+-transporting two-sector
ATPase (D)

Eukaryotic initiation factor
5A (F)

FAD dependent oxidore-
ductase (F)

Heat shock
Hsp70 (F)
Tropomyosin (F)
Somatomedin B (D)
Keratin, type I (F)
Cytochrome ¢, class I (F)
Alpha tubulin (F)

Pyruvate kinase (F)
RNA-binding region RNP-
1 (D)

Heterogeneous Nuclear Ri-
bonucleoprotein (F)
Double-stranded
binding (F)

protein

RNA

bis-
mu-

Phosphoglycerate/
phosphoglycerate
tase (F)
Sodium:neurotransmitter
symporter (F)

Bipartite nuclear localiza-
tion signal (F)

ATP synthase D chain, mi-
tochondrial (F)
ATP/GTP-binding site mo-
tif A (P-loop) (D)

Periaxin (EF)

Keratin, type I (F)
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Table 2.6: Proteins translated from hypothetical transcripts of known
genes predicted by the Ensembl annotation pipeline with unambiguous
peptide evidence identified in the HUPO BPP pilot study.

IPTID Ensembl Ensembl gene symbol
transcript gene
ID ID
IP100479722 ENST00000258800 ENSG00000092010 PSME1
IP100480211 ENST00000360140 ENSG00000100911 PSME2
IP1I00172579 ENST00000354775 ENSG00000143149 ALDH9A1
IP100022082 ENST00000296873 ENSG00000164402 SEPTS
IP100478733 ENST00000358910 ENSG00000196176 HIST1H4A
IP100479267 ENST00000358771 ENSG00000198053 PTPNS1
IP100478410 ENST00000356708 ENSG00000165629 ATP5C1
IP100472047 ENST00000354731 ENSG00000068903 SIRT?2

2.3.3.5 Tissue expression

Tissue specificity of identified proteins was assessed based on transcript
annotations obtained from the Ensembl database.

Table 2.7 summarises the eVOC tissue annotation of 1493 transcripts that
encode proteins identified in the pilot study. Ontology terms and their
frequency are shown according to their hierarchical order in the ontology.
The ontology is pruned to the top level terms for non-nervous system tis-
sues and the peripheral nervous system. Annotations for central nervous

system specific terms are shown in detail.

The majority of identifications were annotated as ubiquitously expressed
across a wide range of tissues. Almost all identifications encoded by an
Ensembl transcript and associated with an eVOC term were annotated as
expressed in the nervous system (98.6%) and brain (97.6%) on messenger
RNA (mRNA) level. Interestingly, while 89.4 % of transcripts were anno-
tated as expressed in the cerebral cortex, only one transcript was annotated
specifically as expressed in the temporal lobe.

Based on eVOC annotation, 60 transcripts associated with 55 identified

IPI entries have not been reported as expressed in brain before. However,

twelve of them were found annotated as expressed in other parts of the
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nervous system. Only five proteins were annotated as nervous system

specific, i.e. not expressed in any other tissue types (see table 2.8).

Table 2.7: Tissue expression of identified proteins based on eVOC anno-
tation of the respective Ensembl transcripts. Shown is the frequency of
transcripts annotated with each term. For non-nervous system tissues and
the peripheral nervous system only the the frequency of the top level term
is shown. Terms appear in the order of their position in the ontology hier-

archy.

eVOCID  eVOC term freq. freq.

[%]
EV:0100000 Anatomical System 1493 100.0
EV:0100017 cardiovascular system 1313 87.9
EV:0100036 respiratory system 1442 96.6
EV:0100048 lymphoreticular system 1337 89.6
EV:0100056 alimentary system 1425 954
EV:0100088 liver and biliary system 1345 90.1
EV:0100094 urogenital system 1343 90.0
EV:0100128 endocrine system 1398  93.6
EV:0100139 musculoskeletal system 1318 883
EV:0100151 dermal system 1336 89.5

continued on next page
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Table 2.7 — continued from previous page

eVOCID  eVOC term freq. freq.

[7e]
EV:0100162 nervous system 1472 98.6
EV:0100335 peripheral nervous system 1378 923
EV:0100163 central nervous system 1462 979
EV:0100164 brain 1461 979
EV:0100165 cerebrum 1344 90.0
EV:0100166 cerebral cortex 1334 894
EV:0100180 hippocampus 626 419
EV:0100167 frontal lobe 951 63.7
EV:0100169 temporal lobe 1 0.1
EV:0100182 basal nuclei 1069  71.6
EV:0100184 corpus striatum 1 0.1
EV:0100185 caudate nucleus 1032 69.1
EV:0100189 amygdala 181 121
EV:0100194 diencephalon 1187  79.5
EV:0100195 thalamus 1020 683
EV:0100220 epithalamus 157 10.5
EV:0100221 pineal body 157  10.5
EV:0100223 subthalamus 8 0.5
EV:0100224 subthalamic nucleus 8 0.5
EV:0100225 hypothalamus 678 454
EV:0100241 brain stem 223 149
EV:0100242 midbrain 33 22
EV:0100247 substantia nigra 33 22
EV:0100253 pons 1 0.1
EV:0100271 trigeminal nucleus 1 0.1
EV:0100273 motor 1 0.1
EV:0100275 medulla oblongata 192 129

continued on next page

74
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Table 2.7 — continued from previous page

eVOCID  eVOC term freq. freq.

[%]
EV:0100293 cerebellum 1089 729
EV:0100294 cerebellum cortex 136 9.1
EV:0100304 tract 1010 67.6
EV:0100305 corpus callosum 1010  67.6
EV:0100312 meninges 125 8.4
EV:0100313 dura mater 125 8.4
EV:0100315 pia matery 123 8.2
EV:0100316 spinal cord 1043 699

Table 2.8: Proteins identifications with nervous system specific eVOC an-
notation. Identifications associated with Ensembl transcripts annotated
with the eVOC term nervous system or its descendent-terms but not with
any other term of the eVOC anatomical system ontology.

IPTID description gene
symbol
IPI00010452 Transcriptional repressor scratch 1 SCRT1
IPI00154618 Zinc finger protein 312 FEZF2
IP100240510 Transcription factor SOX-3 S50X3

IP100409587 Myelin oligodendrocyte glycoprotein MOG
IP100514019 Myelin oligodendrocyte glycoprotein MOG
IPI00410675 Syntaxin-1B2 STX1B

2.3.3.6 Correlation with transcript expression levels

A common problem in proteomics is the bias towards highly abundant
and therefor often well known proteins as the results in section 2.3.3.1 in-
dicate for the HUPO BPP dataset as well. To check if this bias relates to

mRNA abundance levels and whether there is a correlation between the
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identifiability of proteins and their expression on transcript level, genome-
wide distribution of expression levels was compared to that of genes iden-
tified in the HUPO BPP pilot study.

Su et al. have measured genome-wide mRNA expression level of protein-
coding genes across a panel of 79 human tissues [229]. Figures 2.8 A and B
show the distribution of expression levels measured in temporal lobe tis-
sue for

1. all transcripts interrogated in the study by Su et al.

2. interrogated transcripts with a cross reference to Ensembl protein
coding genes

3. the subset of Ensembl protein-coding genes identified in the HUPO
BPP pilot study

The box plots in figure 2.8 A summarise the distribution of expression lev-
els. The whiskers indicate the extreme (non-outlier) values observed, the
borders of the boxes mark the lower and upper quartiles and the hori-
zontal bar the location of the median. Figure 2.8 B shows the empirical

cumulative distribution function (ECDF) for the three sets of transcripts.

The distribution of expression values was positively skewed, with the ma-
jority of transcripts having a low expression value. Although there was
a trend towards higher expression levels observable for transcripts with
cross references to Ensembl protein-coding genes in general, there was a
much more pronounced shift towards higher expression levels for genes
identified in the pilot study. The mean expression for Ensembl protein-
coding genes was 1056 and the median 127, compared to 3021 and 322
respectively for the HUPO BPP set.

Figures 2.8 C and D show the same plots for genes identified in the pilot
study, grouped by the identification frequency of their protein products.
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Figure 2.8: Transcript expression levels of proteins identified in the HUPO
BPP pilot study. A) box plots summarising the distribution of mRNA ex-
pression levels measured in temporal lobe tissue for all transcripts in the
GNF SymAtlas dataset (GNF) and the subsets of transcripts with cross ref-
erences to Ensembl protein-coding genes (Ensembl) and Ensembl protein-
coding genes identified in the HUPO BPP pilot study (HBPP). B) Plot of the
empirical cumulative distribution function (ECDF) of mRNA expression
levels for the respective transcript sets. C) box plots of mRNA expression
levels of genes identified in the pilot study grouped by the identification
frequency of their protein products. D) ECDF of the respective distribu-
tions. The colour coding of ECDF plots is the same as for the box plots.
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The plots indicate a positive correlation between mRNA expression lev-
els and the identification frequency of protein products (Spearman’s rank

correlation coefficient rs = 0.97).

2.3.3.7 Subcellular localisation

To obtain an overview of the subcellular origin of proteins identified in
the HUPO BPP pilot study, their sequences were analysed with regard
to localisation signals and transmembrane domains. An overview of the
functional composition of the dataset was obtained by categorising the
proteins by functional annotation, protein family and biological pathway.

The putative subcellular origin of proteins was assessed based on the pres-
ence of localisation and transmembrane regions. The frequency of these

sequence features in the HUPO BPP dataset is summarised in table 2.9.

Transit sequences triggering mitochondrial import were found in 125
sequences, of which 12 had transmembrane domains. An amino (N)-
terminal signal sequence targeting the protein to the secretory pathway
was featured in 124 proteins. Fourty seven proteins carrying a signal
sequence were predicted transmembrane proteins, while 77 had no pre-
dicted transmembrane domains and were therefore likely to be secreted
or to function in the endomembrane system. Another 141 proteins were
predicted to be transmembrane proteins. The remaining 1416 identified
proteins had neither localisation signals nor transmembrane domains, and

were most likely of cytoplasmic origin.

Table 2.9: Localisation signals and transmembrane (TM) features of iden-
tified proteins.

TM domain
yes no
signal 47 77 || 124

Localisation Sequence transit | 12 113 || 125
none | 141 1416 || 1557

| 200 1606 || 1806 |
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In total, 200 proteins in the dataset were transmembrane proteins, corre-
sponding to 11% of all identifications. A comparison with the relative fre-
quency of transmembrane proteins in the Ensembl database (see figure 2.9
A) shows that the proportion of identified transmembrane domains was

50% lower than to be expected from the genome-wide frequency.

Also shown in figure 2.9 A is the frequency of transmembrane proteins for
the different separation techniques employed in the pilot study. The fre-
quency in LC and 1D-PAGE based experiments was similar to the overall
frequency in the HUPO BPP study while only 3.4% of proteins identified
in 2D-PAGE gels were transmembrane proteins.

Figure 2.9 B summarises the transmembrane domain frequency of proteins
in the respective sets. A comparison of the distributions indicates a bias
towards proteins with smaller numbers of transmembrane domains in the
HUPO BPP data. Categorisation by separation method shows that gel-
based methods are the major contributors to this trend.

A detailed view of the transmembrane domain frequency of identifica-
tions in comparison to Ensembl is shown in figure 2.9 C. Interestingly,
proteins with seven transmembrane domains, which includes the family
of G-protein coupled receptors (GPCR) important for signal transduction
across the plasma membrane, are clearly under-represented in the study
data.

A more detailed picture of the subcellular localisation was obtained from
GO annotations. The GO Slim [341] distribution of HUPO BPP identifica-
tions vs all IPI entries for the GO cellular component ontology is shown in
figure 2.10. GO Slim is a pruned down version of the ontology tree giving
a broader overview of the GO classification.

Over- and under-representation of ontology terms was assessed based
on the hypergeometric P value of the observed term frequency given
its frequency in the IPI database. At the chosen FDR of 0.01% terms

with Pp < 1.8-107° were considered as significantly over-represented
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Figure 2.9: Identification of transmembrane proteins in the HUPO BPP
pilot study. A) Dot plot comparing the relative frequency of transmem-
brane proteins in Ensembl, the HUPO BPP dataset and HUPO BPP iden-
tifications grouped by separation technique. B) Box plot summarising the
transmembrane domain frequency of proteins in the respective sets. C)
Bar chart showing the frequency of transmembrane proteins with one to
thirteen transmembrane domains in Ensembl and the HUPO BPP dataset.
All three plots are based on protein identifications with cross references to
Ensembl.

and terms with P; < 7.6 - 1077 were considered as significantly under-
represented. Frequency ratios of enriched terms are shown in green, fre-
quency ratios of depleted terms in red in figure 2.10.

The analysis indicated a significant enrichment of proteins categorised
as intracellular. Amongst these, cytoplasmic proteins were significantly
over-represented (Po = 2.7 - 107112) with a frequency of 42.1% compared
to 18.4% in IPI. Nuclear proteins, on the other hand, were significantly

under-represented (P;; = 5.7 - 107 1%) .

Given the low frequency of transmembrane proteins, one would expect
the category membrane to be under-represented as well. That this was
not the case is explained by the fact that this category includes periph-
eral membrane as well as integral membrane proteins, with only the latter
being significantly under-represented (Py; = 4.0 - 10723). As these terms
are not included in GO Slim they are not shown in figure 2.10.
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Figure 2.10: Categorisation of proteins identified in the HUPO BPP pilot
by molecular function. Distribution of identified proteins across the GO
Slim version of the cellular component ontology based on annotations ob-
tained from the GOA database.The difference in term frequency is shown
as the log, ratio of relative term frequency in the HUPO BPP dataset
(HBPP) and the subset of IPI annotated in GOA (IPI). Significantly over-
represented terms are highlighted in green, terms significantly under-
represented are highlighted in red. sig. = significant, repres. = repre-
sented, diff. = difference.

Looking at the fine grained GO annotation of proteins categorised as cyto-
plasmic showed that the largest subset localises to intracellular organelles
(717 identifications). Amongst these cytoplasmic membrane-bound vesi-
cle components (51 proteins) and more specifically clathrin coated vesi-
cles (35 proteins) - which includes synaptic vesicles (17 proteins) - were
significantly enriched (Po = 9.9 - 10~17). The second largest subgroup of
identifications annotated with the GO term cytoplasm (215 proteins) were
proteins associated with the cytoskeleton. Significantly enriched were
components of the actin (Pp = 6.4 - 1072°) and microtubule cytoskele-
ton (P = 3.0 -107"), as well as neurofilaments (Po = 1.6 - 10~°) which
belong to the family of intermediate filaments.
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The third group of significantly enriched cytoplasmic proteins was as-
sociated with mitochondria (Pp = 2.6 - 10~%°). This includes periph-
eral inner membrane proteins that are part of the mitochondrial electron
transport chain (Pp = 2.4 - 108) and proteins of the mitochondrial ma-
trix (Pp = 1.6 - 1077).

Enriched neuron-specific categories included axon (Pp = 4.0 - 1078) and
growth cone (Pp = 3.4 - 107%) as well as synaptosome (Po = 6.2 - 107°).

2.3.3.8 Protein families

Protein families annotated in InterPro were ranked according to the num-
ber of family members identified in human brain specimens and com-
pared to the ranking of protein families in IPI. The top ten superfamilies
identified in the HUPO BPP study are shown in table 2.10.

The most abundant protein family in the HUPO BPP set was the super-
family of Ras GTPases with representatives of the Ran, Ras, Rho and Rab
subfamilies present in the dataset. In IPI the Ras family was also found

amongst the highest ranking families at position four.

The small GTPases were followed by families of cytoskeleton-constituting
and -associated proteins including the tubulin, intermediate filament,

actin and tropomyosin families.

Also found amongst the most frequent protein families were cation trans-
porters mostly represented by members of the ATPase a-subunit subfam-
ily and the calcium transporter subfamily.

While G-protein coupled receptor (GPCR)s were the most frequent protein
family in IPI they were almost absent in the HUPO BPP set. This is consis-
tent with the under-representation of transmembrane proteins in general
and more specifically the group of seven transmembrane domain contain-
ing proteins mentioned above. The intracellular receptor components, the
G-protein a-subunits, on the other hand, ranked relatively high at position
nine. The remaining positions were occupied by the families of dynamin,

chaperonin and heat shock proteins.
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Table 2.10: Ranking of protein families identified in the HUPO BPP pilot
study in comparison to the ranking in IPI. The list shows the top ten pro-
tein superfamilies identified in the HUPO BPP. The list is ordered by the
frequency of the superfamilies in the HUPO BPP dataset (HBPP). Subfam-
ilies are shown below in the order they appear in the InterPro hierarchy of
protein families.

rank InterPro description frequency
HBPP IPI ID HBPP IPI
1 4 IPRO01806 Ras GTPase 56 310
IPR0O06689 ARF/SAR superfamily 5 59
IPR006688 ADP-ribosylation factor 4 35
IPR006687 GTP-binding protein SAR1 1 8
IPR013753 Ras 47 183
IPR002041 GTP-binding nuclear protein Ran 5 20
IPR003577 Ras small GTPase, Ras type 16 83
IPR003578 Ras small GTPase, Rho type 13 75
IPR0O03579 Ras small GTPase, Rab type 30 120
2 19 IPR000217 Tubulin 24 100
IPR002452 a-tubulin 1 27
IPR002453 B-tubulin 13 57
3 9 IPR0O01664 Intermediate filament protein 22 169
IPR002957 Keratin, type I 12 113
IPR003054 Keratin, type II 2 48
4 11 IPR001757 ATPase, P-type, K/Mg/Cd/Cu/Zn/Na/ 17 149
Ca/Na/H-transporter
IPRO00695 H+ transporting ATPase, proton pump 1 22
IPR006069 ATPase, P-type cation exchange, 8 24
a-subunit
IPR005782 Calcium ATPase 1 12
IPR006408 Calcium-translocating P-type 10 28
ATPase, PMCA-type
IPR006539 Phospholipid-translocating P-type 1 28
ATPase, flippase
5 20 IPR004000 Actin/actin-like 15 92
IPR004001 Actin 11 28
6 70 IPR001401 Dynamin 15 38
7 31 IPR000533 Tropomyosin 14 61
8 62 IPR002423 Chaperonin Cpn60/TCP-1 13 42
IPR001844 Chaperonin Cpn60 8§ 18
IPR002194 Chaperonin TCP-1 11 23
9 47 IPR001019 G-protein, a-subunit 12 54
10 82 IPR001023 Heat shock protein Hsp70 12 35
IPRO13126 Heat shock protein 70 1 21
IPRO12725 Chaperone DnaK 1 1
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2.3.3.9 Functional categorisation

To obtain a more detailed picture of the functional composition of the
HUPO BPP dataset, proteins were categorised by their functional anno-
tation in the GOA database. Figures 2.11 and 2.12 show an overview of
the functional categories of the HUPO BPP dataset based on their distribu-
tion across the GO Slim versions of the GO molecular activity and biological

process ontologies.

Categorisation by molecular function showed a significant over-
representation of proteins with catalytic (Pp = 1.5- 10~2%), structural
molecule (P = 8.3 -1071"), transporter (P = 7.2-10""), bind-
ing (Pop = 5.2-107!8) and antioxidant (Pp = 4.5 - 10~°) activity.

Amongst over-represented catalytic activities are isomerase (Pp = 8.7 -
107°), oxidoreductase (Pp = 4.6 - 10~2%) and hydrolase (Py = 4.3 -1071?)
activity. Significantly enriched enzyme activities falling into the latter two
categories are NADH dehydrogenase activity (Po = 6.1-10~17) and ATPase
activity coupled to transmembrane movement of ions (Po = 6.1 - 10~1) respec-

tively. These terms are not shown in figure 2.11 as they are not part of the
GO Slim.

The abundance of structural proteins is twice as high as to be expected
from their frequency in IPI which is in accordance with the large pro-
portion of cytoskeleton and cytoskeleton-association protein families seen

earlier.

While ion and electron transporter activity (Pp = 2.7 - 1078) as well as
carrier activity (Po = 8.3 - 1072%) are significantly enriched, transport ac-
tivities associated with integral-membrane proteins, i.e. channel and pore
class transporters (Pp = 7.6 - 1077), are significantly under-represented.

The low frequency of transmembrane proteins and proteins of nuclear ori-
gin is reflected in the significant under-representation of functional cat-
egories associated with these cellular components. For instance the fre-
quency of proteins with signal transducer activity (Py = 3.1 -1072) is at
8.2% , half of that to be expected from the frequency in IPI (17.6%), and re-
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ceptor activity is five-fold under-represented (Po = 3.5 - 10~%6) compared
to IPI (2.2%). Significantly under-represented categories associated with
nuclear function are nucleic acid binding (P = 2.4 - 10~ 18) and transcription
requlator activity (Py = 2.4 -10721).

The biases observed in the functional composition of the protein set trans-
late into biases in the categorisation by biological process shown in fig-
ure 2.12. That is, proteins functioning in metabolism are significantly over-
represented (Pp = 2.5 - 10~M), as are proteins involved in transport (Pp =
3.9 - 10~3), more specifically electron transport (Pp = 4.2-107%). Also
over-represented is the category cell motility (Po = 2.5-107'Y). Under-
represented categories are transcription (Py = 1.1-10~%), regulation of tran-
scription (Py = 2.7 - 107%7), and requlation of metabolism (P; = 1.3 - 10714).

2.3.3.10 Biological pathways

Using the Reactome database 216 identified proteins could be mapped to
biological pathways [329]. The 1639 reactions and 704 pathways described
in the database are grouped into 23 topics, of which 19 are labelled in a

graphical overview of Reactome pathways as shown in figure 2.13.

Protein components of all pathway topics, apart from the notch signalling
pathway and post-translational protein modification pathway, were iden-
tified. The highest coverage was obtained for proteins involved in electron
transport (57.3%), and oxidative decarboxylation of pyruvate and the tri-
carboxylic acid (TCA) cycle (76.2%).

Proteins identified recurrently across several laboratories were involved
in glucose, amino acid, lipid, and nucleotide metabolism, as well as ox-
idative decarboxylation of pyruvate and the TCA cycle. The presence of
several proteins functioning in hemostasis could be a result of blood con-

tamination.



2.3 Results 86

term frequency (%)

HBPP IPI

molecular function — |] 945 90.3

motor activity . 232;_5:5;6'2: - 2.4 1

catalytic activity ® under-repres. . 421 308

helicase activity |:| 0.8 0.9

aromatase activity 0 0

integrase activity 0 0.1
oxidoreductase activity - 9.2 3.6
transferase activity |:| 10 114

hydrolase activity - 185 126

lyase activity - 2 0.8

isomerase activity - 1.7 0.7

ligase activity I:I 3.1 1.9

signal transducer activity - 8.2 17.6

g receptor activity _ 2.2 12
& structural molecule activity - 9.2 4.2
é transporter activity - 14.8 8.9
8 carrier activity _ 7.4 2.6
g protein transporter activity I:I 0.9 0.4
ion transporter activity - 7.8 4.6

channel or pore class transporter activity _ 1 2.8

permease activity 0 0

4.7 1.1
724 621
38 278
105 185
molecular function unknown 3.7 4.2

[ 1]
i
[]
i
0
antioxidant activity _ 0.9 0.2
[ ]
[]
I
]

electron transporter activity
binding

protein binding

nucleic acid binding

chaperone regulator activity 0.1 0
5.7 4.1
2.2 7.7
1.2 0.6

enzyme regulator activity
transcription regulator activity

translation regulator activity

log2(rel. freq. HBPP/rel. freq. IPI)

Figure 2.11: Categorisation of proteins identified in the HUPO BPP pilot
by molecular function. Distribution of identified proteins across the GO
Slim version of the molecular function ontology based on annotations ob-
tained from the GOA database.The difference in term frequency is shown
as the logy ratio of relative term frequency in the HUPO BPP dataset
(HBPP) and the subset of IPI annotated in GOA (IPI). Significantly over-
represented terms are highlighted in green, terms significantly under-
represented are highlighted in red. sig. = significant, repres. = repre-
sented, diff. = difference.
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Figure 2.12: Categorisation of proteins identified in the HUPO BPP pi-
lot study by biological process. Distribution of identified proteins across
the GO Slim version of the biological process ontology based on annota-
tions obtained from the GOA database. The difference in term frequency
is shown as the log, ratio of relative term frequency in the HUPO BPP
dataset (HBPP) and the subset of IPI annotated in GOA (IPI). Signifi-
cantly over-represented terms are highlighted in green, terms significantly
under-represented are highlighted in red. sig. = significant, repres. = rep-
resented, diff. = difference.

2.3.4 Detection of genes putatively pivotal to CNS func-

tion

So far the analysis had focused on the broader functional composition
of the HUPO BPP dataset. In the context of the study of brain function,
however, the most important aspect is the detection of gene products rel-
evant to the study of brain or CNS specific function. To this end a list of
genes likely to be pivotal to CNS function was compiled based on several
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lines of evidence. The coverage of genes in the list by peptide evidence in
the HUPO BPP dataset was then assessed. Furthermore, peptide identi-
tications from the HUPO BPP pilot study were compared to a large-scale
study of protein expression in CSF.

2.3.4.1 Compilation of a list of genes putatively pivotal to CNS func-

tion

The list of CNS related genes was compiled based on the results of a
PubMed search of the biomedical literature, curated annotations in the
UniProtKB/Swiss-Prot database and mRNA expression profiles in the
GNF SymAtlas of gene expression.

A non-redundant set of 418 (Ensembl) genes was identified that are either
predominantly expressed in CNS or are thought to have a CNS specific
splice isoform. These genes will be referred to as "CNS related” genes for
the remainder of the text.

The majority of genes (223) were selected on the basis of their expression
profile, 149 genes occurred in CNS related publications, and the protein
products of 83 genes were annotated as CNS specific or having a CNS spe-
cific splice isoform in the UniProtKB/Swiss-Prot database. The only gene
identified by all three approaches encodes the microtubule-associated pro-
tein TAU. The origin of evidence for the 418 distinct genes is summarised
in figure 2.14.

2.3.4.2 Construction of a maximal explanatory protein set for HUPO
BPP peptide evidence

The minimal explanatory set of proteins reported originally emphasises
the stringency of protein identification. A maximal explanatory set of pro-
teins for the identified peptides, on the other hand, allows further elabo-
ration on the specificity of peptide evidence on genome and isoform level.
The 19308 distinct peptide identifications made across the nineteen experi-

ments were therefore remapped to IPI version 3.29 to obtain a maximal
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Figure 2.14: Evidence source for genes putatively pivotal to CNS func-
tion. Evidence for a gene being relevant to CNS function was obtained
from a PubMed search of the biomedical literature (PubMed), curated an-
notation of proteins in the UniProtKB/Swiss-Prot (UniProtKB) database
and mRNA expression profiles in the GNF SymAtlas of gene expression
(GNF).

explanatory set of proteins for the peptide evidence. The remapping was
based on exact string matching of HUPO BPP peptide sequences to IPI
protein entries. The maximal explanatory set was constituted of all IPI
entries matched by one or more HUPO BPP peptides.

Overall, 15451 peptides (80%) could be successfully mapped to entries in
the more recent IPI version. The obtained set of proteins contained 9151
unique IPI accession numbers which correspondes to 13% of the 68161
entries in the IPI database. The set was around five times larger than the
originally reported set. Mapping of the original set of IPI entries to IPI 3.29
using the IPI history file resulted in a set of 1737 IPI entries. Of these, 1718
proteins were contained in the set obtained by peptide remapping.

The nineteen mapped IPI entries without a peptide match corresponded
to 61 proteins originally identified in IPI 3.05 by 415 distinct peptides. Of
these peptides, 355 matched other proteins in the maximal explanatory set,
including 197 peptide matches to 98 proteins mapped from the original set,



2.3 Results 91

and 158 matches to 958 proteins not reported previously.

To allow straightforward analysis of peptide evidence in the context of
genome information from the Ensembl database, only those proteins with
a cross reference to an Ensembl protein entry were retained from the ini-
tial set of mapped proteins. This reduced the number of proteins to 5941
(65%), a proportion slightly higher than the overall amount of IPI entries
that have Ensembl cross references, which was the case for 35601 out of
68161 IPI proteins (52%). The set of corresponding Ensembl proteins con-

tained 6193 Ensembl entries.

2.3.4.3 Peptide evidence for protein products of genes identified as pu-

tatively pivotal to CNS function

After further pruning the set of identified proteins with at least one En-
sembl cross reference, to isolate only the protein products of the 418 CNS
related Ensembl genes, a list of 395 Ensembl proteins corresponding to
388 IPI entries remained. Peptide evidence for these proteins amounted to
1699 distinct peptide sequences.

These proteins represented translations from 174 of the CNS related genes,
thus providing tentative expression evidence for 41% of the CNS genes
of interest. To assess the significance of the observed overlap it was
compared to the average overlap of a hundred thousand random sam-
ples of IPI entries (figure 2.15). The comparison showed that the ob-
served overlap is with a difference of four standard deviations signifi-
cantly higher than the average overlap of 27% (143 genes) to be expected
by chance (p; = 3-107°).

The 174 CNS related genes with peptide evidence contained a subset of
118 genes that encode proteins from the original minimal explanatory set.
The respective set of 145 IPI entries was cross referenced to 170 Ensembl
translations of CNS related genes. There were no genes originally reported

that were not covered by the maximal explanatory set.

The maximal explanatory set contained an additional 181 isoforms for

68 of the 118 genes that were also contained in the minimal explanatory
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Figure 2.15: Peptide evidence for CNS related genes identified in the
HUPO BPP. The bar plot shows the proportion of CNS related genes that
encode proteins matched by peptides identified in the HUPO BPP pilot
study (HUPO BPP) in comparison to the average overlap of 9151 IPI en-
tries randomly sampled from IPI (random sample). The mean and stan-
dard deviation (indicated by the error bar) are based on 100000 trails.

set. Essentially these represented additional alternative hypotheses for the
observed peptide evidence. A further 96 IPI entries represented protein
products of the 56 CNS related genes not originally reported.

2.3.4.4 Specificity of peptide evidence on gene and splice isoform level

The majority of peptides matching CNS related genes (1402 [82%]) were
associated with only one Ensembl gene. They identified 120 CNS re-
lated genes. The remaining 54 genes were matched by 297 peptides that
matched multiple Ensembl genes from two to up to 351; 45 peptides with
multiple matches mapped only to genes in the CNS gene set, while the
remaining peptides also matched non-CNS related Ensembl genes.

If the stringency on peptide specificity was increased by requiring that
gene-specific peptides must not match IPI entries not associated with a
CNS related Ensembl gene, 548 peptides remained of which 542 were as-
sociated with exactly one gene. These peptides identified 86 genes with
high confidence. Another six peptides were associated with two to three
Ensembl genes, which identified an additional four genes.

Of the 86 genes with unambiguous peptide matches, 56 encoded alter-

native protein products ranging from two to seven splice isoforms. Fig-
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ure 2.16 summarises the specificity of peptide evidence on splice isoform
level.

subset-specific peptide matches isoform-specific peptide matches

/=
— El= ———

I I I T T T I T T T I T I T
2 3 4 5 6 7 8 2 3 4 5 6 7 8

protein isoforms with peptide match
protein isoforms with peptide match

protein isoforms protein isoforms

Figure 2.16: Splice isoform resolution of CNS related genes. Shown is
the number of alternative protein products encoded by a gene on the
x-axis versus the number of protein products with peptide matches on
the y-axis. The height of the bar is proportional to the number of cases
observed for each case. The plot on the left shows the proportion of
protein products matched by non-isoform-specific and isoform-subset-
specific peptides. The cases along the diagonal line have indiscriminate
peptide matches across all isoforms, cases below the line have peptide
matches specific to a subset of isoforms. The plot on the right shows the
proportion of splice isoforms unambiguously identified by isoform spe-
cific peptide matches.

The plot on the left shows isoform resolution by ambiguous peptides, i.e.
peptides that were not unique to a specific splice isoform, that could in
some cases, however, discriminate subsets of isoforms. This was the case
for 27 genes (table 2.11) that featured peptide evidence matching a subset
of splice isoforms while evidence for the remaining splice isoforms was
absent (cases below the dotted diagonal line). For another 29 alternatively
spliced genes (table 2.12) identified by ambiguous peptide matches the
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evidence matched indiscriminately across all splice isoforms (cases along
the dotted diagonal line).

Table 2.11: Alternatively spliced CNS genes with isoform-subset-specific

peptide evidence. Given are the number of splice isoforms encoded by

a gene and the number of isoforms matched by peptide evidence. IF =

isoforms encoded by gene, IFID = isoforms with peptide match.

Ensembl GeneID  gene description IF IF IPIID
symbol ID
ENSG00000103723 AP3B2 AP-3 complexsubunit -2 2 1  IPI00005793
ENSG00000145920 CPLX2 Complexin-2 2 1 IPI00012759
ENSG00000008056 ~ SYN1 Synapsin-1 2 1 IPI00300568
ENSG00000046653 GPM6B Neuronal membrane gly- 3 1  IPI00187158
coprotein M6-b
ENSG00000107902 LHPP Phospholysine phos- 3 1  IPI00005474
phohistidine  inorganic
pyrophosphate phos-
phatase
ENSG00000033122  LRRC7 Leucine-rich repeat- 3 2 IPI00426267,
containing protein 7 1P100426269
ENSG00000100167 SEPT3 Neuronal-specific septin- 3 2 IPI00745056,
3 IP100384187
ENSG00000132639 SNAP25 Synaptosomal-associated 3 2  IPI00107625,
protein 25 IPI00010470
ENSG00000159082  SYNJ1 Synaptojanin-1 3 2 IPI00012441,
IP100333134
ENSG00000162706 CADM3 Cell adhesion molecule 3 4 2 IPI00009619,
precursor IP100166048
ENSG00000163539 CLASP2 CLIP-associating protein 4 3  IPI00168165,
2 1P100024382,
IP100478227
ENSG00000133083 DCAMKL1  Serine/threonine-protein 4 3  IPI00004560,
kinase DCLK1 IP100217247,
IP100644293
ENSG00000182621  PLCB1 1-phosphatidylinositol- 4 3 IPI00219563,
4,5-bisphosphate  phos- IP100216920,
phodiesterase -1 IP100395561

continued on next page
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Table 2.11 — continued from previous page
Ensembl gene ID  gene description IF IF IPIID
symbol ID
ENSG00000065609 SNAP91 Synaptosomal-associated 4 3  IPI00646376,
protein 91 IP100006612,
IP100470905
ENSG00000154027 AKb5 Adenylate kinase isoen- 5 3  IPI00376041,
zyme 5 IP100844054,
IP100743623
ENSG00000206456 AL669813.6 Myelin-oligodendrocyte 5 2 IPI00556079,
glycoprotein precursor IP100744214
ENSG00000151150 ANK3 Ankyrin-3 5 2 IPI00333558,
IP100472779
ENSG00000116254 CHDb5 Chromodomain-helicase- 5 3 IPI00646871,
DNA-binding protein IP100152535,
5 1P100445286
ENSG00000197971  MBP Myelin basic protein 5 2 IPI00607642,
IP100216475
ENSG00000087470 DNMI1L Dynamin-1-like protein 6 5 IPI00146935,
IPI00555883,
IP100235412,
IP100473085,
IP100037283
ENSG00000164402 SEPTS Septin-8 6 1 IPI00549434
ENSG00000058404 CAMK2B Calcium/calmodulin- 7 4 IPI00334271,
dependent protein kinase 1P100221305,
type II B chain IP100183066,
IP100298090
ENSG00000126214 KLC1 Kinesin light chain 1 7 4 IPI00394906,
IP100784089,
IP100020096,
IP100337460
ENSG00000136153 LMO?7 LIM domain only protein 7 5 IP100291802,
7 IP100409591,
IP100552510,
1P100409593,
IP100409590

continued on next page
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Table 2.11 — continued from previous page

Ensembl geneID  gene description IF IF IPIID
symbol ID
ENSG00000186868 MAPT Microtubule-associated 7 6 IPI00217976,
protein tau IP100025499,
IP100220175,
1P100747283,
IP100220174,
IP100026836
ENSG00000133318 RTN3 Reticulon-3 7 2 IPI00743293,
IP100398795
ENSG00000088367 EPB41L1 Band 4.1-like protein 1 8 1 IPI00384975

The plot on the right in figure 2.16 shows the proportion of splice isoforms
identified by peptides which were unique across IPI and thus allowed un-
ambiguous detection of a protein or splice isoform. CNS related proteins
were identified by 229 such peptides matching 62 proteins encoded by 58
genes. However, 30 of these were non-alternatively spliced genes not in-
cluded in the plot but listed in table 2.13.

The remaining 32 proteins were products of 28 genes that encoded be-
tween two and eight isoforms. They were identified by 96 unambiguous
peptide matches. In all cases one or two isoforms have been resolved by
specific peptide matches. For the three genes GFAP, GNAO1 and RTN1,
both known isoforms are resolved by protein-specific peptide sets. Fur-
thermore, two of the four isoforms of PSD3 are identified by one protein-
specific peptide each. For the remaining 27 genes, one isoform is unam-

biguously identified by one or more protein-specific peptide matches.

2.3.4.5 Evidence for brain specific splice isoforms and isoforms previ-

ously without evidence on protein level

Details of splice isoforms identified by unique peptides are given in ta-
ble 2.14. In some cases isoforms have been identified that are annotated as
brain specific in the Swiss-Prot database.
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Table 2.12: Alternatively spliced CNS genes with non-isoform-specific
peptide matches. IF = isoforms encoded by gene.

Ensembl geneID  gene description IF
Symbol
ENSG00000160469 BRSK1 BR serine/threonine-protein kinase 1 2
ENSG00000135439 CENTG1  Centaurin-y-1 2
ENSGO00000175416  CLTB Clathrin light chain B 2
ENSG00000169862 CTNND2 Catenin 4-2 2
ENSG00000187672  ERC2 ERC protein 2 2
ENSGO00000131095 GFAP Glial fibrillary acidic protein 2
ENSG00000087258 GNAO1  Guanine nucleotide-binding protein G(o) 2
subunit «
ENSGO00000176956 LY6H Lymphocyte antigen 6H precursor 2
ENSG00000123560  PLP1 Myelin proteolipid protein 2
ENSG00000177380 PPFIA3 Liprin-alpha-3 2
ENSG00000131771 PPP1R1B Protein phosphatase 1 regulatory subunit 1B~ 2
ENSG00000139970  RTN1 Reticulon-1 2
ENSG00000079215 SLC1A3  Excitatory amino acid transporter 1 2
ENSG00000130540 SULT4A1 Sulfotransferase 4A1 2
ENSG00000132692 BCAN Brevican core protein precursor 3
ENSGO00000106976 DNM1 Dynamin-1 3
ENSG00000197959 DNM3 Dynamin-3 3
ENSG00000067798 NAV3 Neuron navigator 3 3
ENSG00000104725 NEFL Neurofilament light polypeptide 3
ENSGO00000100804 PSMB5 Proteasome subunit § type-5 precursor 3
ENSG00000089169 RPH3A Rabphilin-3A 3
ENSG00000198513  SPG3A Atlastin-1 3
ENSG00000185666 ~ SYN3 Synapsin-3 3
ENSG00000116147 TNR Tenascin-R precursor 3
ENSG00000157087 ATP2B2  Plasma membrane calcium-transporting AT- 4
Pase 2
ENSG00000164076 CAMKV  CaM kinase-like vesicle-associated protein 4
ENSG00000054523  KIF1B Kinesin-like protein KIF1B 4
ENSG00000156011  PSD3 PH and SEC7 domain-containing protein 3 4
ENSG00000115310 RTN4 Reticulon-4 5

For example the unambiguously identified isoform PIKE-L of CENTGI
and the CLTB isoform are brain specific. Unambiguously identified iso-
form CRA_e of GPM6B had only a TrEMBL entry and was not yet asso-
ciated with the GPM6B Swiss-Prot entry. Furthermore, the TrEMBL entry
states that there has only been evidence on transcript level for this protein.
Another unambiguously identified splice isoform without previous exper-
imental confirmation according to Swiss-Prot was isoform 3 of CAMKYV.
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Table 2.13: Non-alternatively spliced CNS genes with unambiguous pep-

tide evidence.

Ensembl geneID  gene description IPIID
symbol

ENSG00000130203 APOE Apolipoprotein E precursor IP100021842

ENSG00000184524 CEND1  Cell cycle exit and neuronal differen-  1P100295601
tiation protein 1

ENSG00000047457 CP Ceruloplasmin precursor IP1I00017601

ENSG00000100884 CPNE6 Copine-6 IP100295469

ENSG00000132912 DCTN4  Dynactin subunit4 IP100550852

ENSG00000175497 DPP10 Inactive dipeptidyl peptidase 10 IP100464986

ENSG00000074800 ENO1 a-enolase IP100465248

ENSG00000111674 ENO?2 v-enolase IP100216171

ENSG00000108515 ENO3 B-enolase 1P100218474

ENSG00000162188 GNG3 Guaninenucleotide-binding protein IP100023625
G(I)/G(S)/G(O) subunity-3 precur-
sor

ENSG00000132702 HAPLN2 Hyaluronan and proteoglycan link IP100029184
protein 2 precursor

ENSG00000121905 HPCA Neuron-specific ~ calcium-binding IP100219103
protein hippocalcin

ENSG00000116983 HPCAL4 Hippocalcin-like protein 4 IPI00008305

ENSG00000170049 KCNAB3 Voltage-gated potassium channel IP100006204
subunit -3

ENSG00000087250 MT3 Metallothionein-3 IP100016666

ENSG00000117691 NENF Neudesin precursor IPI00002525

ENSG00000126861 OMG Oligodendrocyte-myelin  glycopro- IP100295832
tein precursor

ENSG00000168490 PHYHIP  Phytanoyl-CoA hydroxylase-  1P100022021
interacting protein

ENSGO00000106278 PTPRZ1  Receptor-type tyrosine-protein  IP100748312
phosphatase( precursor

ENSG00000100362 PVALB Parvalbumina IP100219703

ENSG00000160307  S100B Protein S100-B IP100299399

ENSG00000170616  SCRT1 Transcriptional repressor scratch 1 IP100010452

ENSG00000104969 SGTA Smallglutamine-rich  tetratricopep- IP100013949
tide repeat-containing proteina

ENSG00000107295 SH3GL2  Endophilin-Al IP100019171

ENSG00000104888 SLC17A7  Vesicular glutamate transporter 1 IP100025331

ENSG00000110436 SLC1A2  Excitatory amino acid transporter 2 IP100300020

ENSG00000074317 SNCB B-synuclein IP100032904

ENSGO00000185518 SV2B Synaptic vesicle glycoprotein 2B IP1I00006631

ENSGO00000109654 TRIM?2 Tripartite motif-containing protein 2 IPI00153011

ENSG00000163032  VSNL1 Visinin-like protein 1 1P100216313
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2.3.4.6 Proteotypic character of protein-specific peptides identifying
CNS related gene products

The protein-specific peptides identified are candidate proteotypic pep-
tides which are defined as peptides unambiguously identifying a partic-
ular protein sequence and that are consistently and repeatedly identified
by MS for any particular protein in a mixture. To assess the performance
of proteotypic peptide predictions by Mallick and colleagues the experim-
intally identified protein-specific peptides were compared to the compu-
tationally predicted.

Of the 229 protein-specific peptides, 92 (40%) were predicted to be proteo-
typic for the protein they identify. Predictions included the separation and
detection method a sequence is proteotypic for. Figure 2.17 A shows the
overlap between the predictions and the observed peptide identifications
against a background of random matching obtained by permutation test-
ing. Fourty seven of the 92 peptides (51%) were identified at least once
using one of the predicted separation methods, 62 peptides (67%) were
detected by the predicted MS technology. Only 27 peptides, 29% of all
protein-specific peptides, were observed by one of the predicted combina-
tions of separation and detection method. Overall, the predictions did not
perform better than a random assignment for this peptide population, as
shown by the permutation test data.

As proteotypic peptides are required to be observed frequently, the
protein-specific peptides were filtered by observation frequency only. By
retaining those peptides whose identification frequency was above the
mean frequency of all gene-specific peptides matching the protein se-
quence, a subset of 41 empirical proteotypic peptides was extracted. Ta-
ble 2.15 shows the comparison between these 41 peptides and the corre-

sponding proteotypic peptide predictions.
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Figure 2.17: Performance of proteotypic peptide predictions for protein-
specific peptides identifying CNS related. The bar charts show the over-
lap between the proteotypic peptide predictions and the observed data for
separation and detection method for all the protein-specific peptides (A),
and the frequently observed subset of these (B). The first two categories
represent those cases in which the experimentally observed peptide was
derived at least once from the predicted separation or detection method
respectively. The third category requires that the peptide sequence was ob-
served using the exact combination of the predicted separation and detec-
tion method, i.e. at least one experiment found the peptide using both the
predicted separation method and the predicted detection method. "None’
means that the observed peptide was predicted to be proteotypic but nei-
ther separation nor detection matched the observation. The last category
are observed protein-specific peptides that were not predicted to be pro-
teotypic.
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In slightly more than 50% of the cases (21 peptides), frequently observed
peptides were predicted to be proteotypic and the peptides AATVGS-
LAGQPLQER (APOE), SELEEQLTPVAEETR (APOE), GNPTVEVDLFTSK
(ENO1), and EGVVQGVASVAEK (SNCB) were observed at least once
by the exact combination of predicted separation and detection method.
However, a number of peptides reoccurring across many experiments
were not predicted to be proteotypic at all. Figure 2.17 B indicates that
the predictions for these 21 peptides performed slightly better than ran-
dom, although the difference between random assignment and prediction
was not significant (< 1.5 times the standard deviation).

2.3.4.7 Comparison with of HUPO BPP and CSF peptide evidence for
CNS related genes

The 4285 non-redundant peptide identifications made in CSF by Pan and
colleagues were remapped to IPI version 3.29 in the same manner as for
the HUPO BPP study resulting in a maximal explanatory set containing
2185 IPI entries of which 2103 had an Ensembl cross reference associating
them with 828 Ensembl genes. The intersection of the HUPO BPP and CSF
protein sets contained 1010 IPI entries associated with 378 genes. The max-
imal explanatory set contained expression evidence for 31 (7%) of the CNS
related genes which was a considerably smaller proportion than covered
by the HUPO BPP data.

The CSF set shared 24 CNS genes with the HUPO BPP set (table 2.16). The
majority of proteins encoded by these genes carried an N-terminal signal
sequence targeting them to the secretory pathway and three quarters of the
genes with a signal sequence had transmembrane domains (table 2.16).

The CSF peptide evidence covered the same 58 protein products as the
HUPO BPP evidence. However, only three peptides specifically identify-
ing CNS related genes were shared between the two datasets: the peptide
LAQANGWGVMVSHR identifying the protein product of ENO1, the pep-
tide VATHLSTPQGLQFK matching all three translations of TNR, and the
peptide TSASIGSLCADAR matching the two protein products of PLP1.
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While the latter two peptides were unambiguous on gene level, the pep-
tide matching the ENO1 protein product also matched a second IPI entry
not associated with the Ensembl gene entry. A further two CSF peptides
(RHFFSDYLMGFINSGILK and VATHLSTPQGLQFK) identifying prod-
ucts of LY6H and TNR respectively, were similar but not identical to HUPO
BPP peptides (HFFSDYLMGFINSGILK and VATHLSTPQGLQEFKY).

Table 2.16: Signal sequences and transmembrane domains of proteins
with peptide evidence in the HUPO BPP and the CSF studies. SS = sig-
nal sequence, TM = transmembrane domain, + = present.

Ensembl geneID  gene description SS ™
symbol
ENSG00000130203 APOE Apolipoprotein E precursor +
ENSG00000121753  BAI2 Brain-specific angiogenesis inhibitor 2+ +
precursor

ENSG00000132692 BCAN Brevican core protein precursor +
ENSG00000162706 CADM3  Cell adhesion molecule 3 precursor + +
ENSG00000183741 CBX6 Chromobox protein homolog 6 + 4+
ENSG00000047457 CP Ceruloplasmin precursor +

ENSG00000074800 ENO1 x-enolase

ENSG00000111674 ENO2 v-enolase

ENSG00000108515 ENO3 B-enolase

ENSG00000077782  FGFR1 Basic fibroblast growth factor receptor +  +
1 precursor

ENSGO00000131095 GFAP Glial fibrillary acidic protein

ENSG00000152578 GRIA4  Glutamate receptor 4 precursor + o+
ENSG00000176956 LY6H Lymphocyte antigen 6H precursor +
ENSG00000197971 MBP Myelin basic protein

ENSG00000163531 NFASC  Neurofascin precursor + 4+
ENSG00000171246 NPTX1  Neuronal pentraxin-1 precursor +

ENSG00000091129 NRCAM Neuronal cell adhesion molecule pre- + +
cursor
ENSG00000126861 OMG Oligodendrocyte-myelin glycoprotein  + +

precursor
ENSG00000184226 PCDHY9  Protocadherin-9 precursor + o+
ENSG00000123560  PLP1 Myelin proteolipid protein +

ENSG00000153707 PTPRD  Receptor-type tyrosine-protein phos- +  +
phatase § precursor

ENSGO00000106278 PTPRZ1 Receptor-type tyrosine-protein phos- + +
phatase { precursor

ENSGO00000116147 TNR Tenascin-R precursor

A set of six genes common to both studies was identified by peptides spe-
cific on gene level. These include OMG, APOE, BAI2, LY6H, PLP1 and



2.3 Results 108

TNR. While TNR, PLP1 and LY6H were identified by identical or similar
peptides, as discussed above, OMG and APOE had unambiguous peptide
matches to different parts of their sequence in the two studies. Unam-
biguous peptide evidence for BAI2 was found only in CSF. Table 2.17
summarises the gene-specific evidence for CNS genes common to the CSF
and HUPO BPP study. The genes TNR, LY6H, PLP1 have higher sequence
coverage in the HUPO BPP. This could be the result of the collaborative
nature of the study, i.e. the higher throughput as well as the diverse range
of methodologies applied. Another possible explaination is that the pro-
tein products of these genes are less well detectable in CSF then in tempo-
ral lobe tissue.
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2.4 Discussion

241 Mapping of protein and peptide identifications

Due to ongoing updates of the genome sequence, changes in genome an-
notation pipelines, and a steadily increasing amount of sequence infor-
mation used to define the protein-coding genome, protein sequence space
and its representation in databases is constantly changing. It is impor-
tant to take these changes into account when analysing proteomics experi-
ments in particular if i) data analysis and data generation time are not the
same, ii) time separated experiments are to be integrated or iii) experi-
ments differ in the underlying model of the protein space.

In the first case it is important to take changes into account as they affect
annotation information associated with proteins identified in a proteomics
experiment. Protein annotations - in particular automatic annotations that
rely on protein sequence information - are usually based on the current
‘version” of the protein sequence space. To analyse a proteomics experi-
ment in context of up-to-data annotations it is therefore necessary to map

identifications to the most recent release of a protein database.

In the latter two cases, changes affect the comparability of experiments on
the level of the identified protein entries themselves as well as the associ-
ated annotations. To compare proteomics studies that have been carried
out at different points in time and/or used different releases of the same
database or different databases altogether, it is necessary to map exper-
imental data to a common protein sequence space. This ensures consis-
tency in the definition of the identified entities as well as consistent inte-

gration with annotations.

In principle, there are three different ways to map protein identifications
from one protein sequence space to another. Probably the most commonly
used approach is logical mapping using the version history and cross ref-
erences of a database entry to map between releases and across different
databases, respectively. This approach allows propagation between logical
entities of different protein sequence spaces which can but do not neces-
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sarily have to be, identical with regard to their sequence. Sequence based
mapping on the other hand takes the inverse approach to navigate be-
tween protein entries with identical sequence that may or may not be the
same logical entity. A third alternative available for MS based proteomics
data is peptide based mapping to compile a protein set that explains the
available peptide evidence. We can either construct a minimal explana-
tory set by a re-run of the protein identification step using the respec-
tive protein identification algorithms, or a maximal explanatory set can be

achieved by simple matching of peptide sequences to protein sequences.

Here, protein identifications were mapped between different versions of
the same protein sequence space, i.e. different releases of IPI as well as be-
tween different protein spaces, i.e. IPI and Ensembl. The mapping served
three purposes: i) it allowed integration with the most recent protein an-
notations, ii) it enabled a more detailed analysis of HUPO BPP peptide ev-
idence with regard to the resolution of brain specific splice isoforms and
iii) it allowed comparison between HUPO BPP peptide evidence and pep-
tides identified in an independent study in CSF.

With the respective aims in mind, different approaches were used to map
protein identifications. For the analysis of the HUPO BPP dataset in con-
text of biological information, proteins were mapped logically based on
IPI entry history to integrate them with current annotations. The empha-
sis here was on the preservation of the original set of protein identifica-
tions. Both the HUPO BPP pilot study, as well as the CSF study, reported
minimal explanatory protein sets for the identified peptides that were not
immediatly suitable for an in-depth analysis of gene and splice isoform
specificity. Thus for this part of the analysis a peptide based mapping ap-
proach was taken, resulting in a maximal explanatory set for the observed
peptides.

While mapping of proteins based on IPI entry history largely retained
the original set of identifications, 5% of identifications were affected by
changes in the IPI database. As already discussed, these changes are the

result of aforementioned fluctuations in genome annotation and the grow-
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ing body of sequence information used to construct the IPI database. Both
either affect the clustering of sequences in IPI, resulting in the merger of
some entries with others, or lead to the deletion of entries from IPI. The
latter is caused by entries in the IPI source databases becoming defunct,
for example if changes in gene prediction pipelines lead to previously pre-

dicted genes being dropped from the genome annotation.

The IPI version used for the re-mapping of peptides to analyse the reso-
lution of CNS specific splice isoforms was separated from the IPI version
used for the original identifications by 24 releases, 15 more than the one
used for the logic mapping. While the majority of peptides could still be
mapped, a fifth of peptide identifications remained “orphan” for reasons
already discussed. Interestingly, when the protein set obtained by peptide
mapping was compared to that obtained by logical mapping, the logical
mapping performed slightly better with 1.1% more proteins in the mapped
set. However, the proteins “recovered” by this approach were no longer
supported by the original peptide evidence.

This shows that there is no right or wrong approach to move proteomics
experiments through time and sequence space. The proteome remains a
moving target and peptide as well as protein identification are dependent
on the chosen model of protein sequence space at the time of the experi-
ment. However, based on the fact that peptide identifications are closest to
the read-out of the experiment in the information flow from MS spectrum
to protein identification, it could be argued that the representation of pep-
tide evidence by the current model of sequence space is the more stringent
way to move proteomics experiments through time and sequence spaces.
This is supported by the observation that some identified IPI entries could
be mapped logically to the latest release, but the original peptide identifi-

cations no longer matched the mapped entries.

The various proteomics databases take different approaches to address the
problem of providing a current view of a proteomics dataset without sac-
rificing the integrity of the originally reported information. PeptideAtlas,

for example uses the protein-coding genome as defined by the Ensembl
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genome annotation pipeline as a reference. This genome-centric approach
maximises stability by firstly having one reference search space, and sec-
ondly using a relatively conservative estimate of protein sequence space
supported by the rich body of evidence that is used by the Ensembl an-
notation pipeline. However, the latter also minimises the scope for new
findings. Databases like PRIDE, on the other hand, allow the submission
of peptide and protein identifications based on any search space. Protein
identifications are periodically mapped to the current version of a com-
mon sequence space - in this case UniProtKB - based on 100% sequence
identity between original protein identification and the mapped sequence
entry. The mapped UniProtKB sequence is then used as an entry point
for logical cross references to other databases. This approach provides a
view of proteomics experiments in context of up-to-date sequence and an-
notation data whilst at the same time allowing the flexibility of protein

identification outside the reference system.

2.4.2 Comparison of protein identifications by experiment,

technology and specimen type

The HUPO BPP dataset is characterised by a large variability in the num-
ber of proteins identified across the nineteen experiments and five par-
ticipating laboratories. This consequently translates into a large hetero-
geneity in protein identifications by different technologies and in different
sample types. The majority of proteins reported are single experiment
hits. Most of these single-hit identifications originate from two experi-
ments contributed by the same laboratory analysing the same specimen
type - biopsy samples - using 1D-PAGE-LC separation.

The clustering results show that the main determinant of “similarity” be-
tween protein populations identified in different experiments is sample
size rather than any other meta-factor, such as separation technique or
specimen type. Samples do not cluster together because of the features

(proteins) they have in common. On the contrary, similarity is rather a
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function of the shared absence of a large number of proteins.

The heterogeneity in the identification number on all levels of the study
makes a meaningful comparison of the identified protein sets difficult.
Identification sets are complementary rather than confirmatory, and the
low re-occurrence of protein identifications across experiments does not
allow a statistical interpretation of the performance of the different tech-
nologies employed and the different specimen types used with regard to
the identifiability of certain proteins or groups of proteins.

It should be noted that - the heterogeneity in size of the reported protein
set aside - the experimental design per se does not allow a statistical anal-
ysis of the results across experiments. An important aspect of good ex-
perimental design largely neglected in the study is replication. There are
neither technical nor biological replicates within the same lab for any of
the technologies and specimen types, which makes it impossible to assess
variability. Furthermore, an analysis of reproducibility of protein identi-
fications is hindered by the fact that there is virtually no overlap in tech-
nology and specimen types between participating laboratories. Another
aspect complicating a comparative interpretation of the study - and also
contributing to the heterogeneity in the number of reported protein iden-
tifications - is the difference in objectives across experiments. While some
experiments were aimed at mapping the protein content of the sample,
others focused solely on differentially expressed proteins, consequently

narrowing down the set of identifications.

It has to be taken into account, of course, that the number of participants
analysing human tissue specimens was small and the number of samples
required to achieve an acceptable level of statistical power unrealistic to be
produced within the limits of the available resources. However, sacrificing
to some extent the diversity of approaches for a more robust experimen-
tal design could have increased the benefit of the formidable coordinated

effort undertaken by participating laboratories.
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2.4.3 Functional composition of the identified protein set

As the heterogeneity of the identified protein sets rendered a meaningful
comparative analysis of experiments infeasible, the analysis of the func-
tional composition of the dataset focused on the overall properties of the
non-redundant set of proteins identified in the study.

The analysis showed that proteins from a broad spectrum of biological
processes and pathways were sampled. It also identified biases towards
certain protein classes which partially reflected the tissue origin of the
samples and are partially the result of the portfolio of technologies em-
ployed in the study.

Consistent with the high vesicle turnover in neurons owing to axonal
transport and secretion of neurotransmitters, proteins functioning in vesi-
cle traffic such as motor proteins, components of the vesicle coat as well as
proteins involved in vesicle targeting and regulation of vesicle biogenesis
and traffic, were abundant. This includes a high number of small GTPases,
which probably accounted for a large part of the GTP binding and hydro-
lase activity observed. Several representatives of the Arf superfamily of
GTPases, important regulators of vesicle biogenesis in intracellular traf-
tic [342], as well as members of the Rab GTPases and dynamins, which are

involved in vesicle docking [343] and fission respectively, were identified.

Also enriched were proteins involved in transport, specifically in ion and
electron transport. To a great extend these activities are related to the en-
richment of components of the mitochondrial electron transport chain. Mi-
tochondrial proteins are highly abundant in most cell types in general and
in neuronal cell types in particular due to the increased energy demands
of brain tissue, accounting for about 20% of the body’s oxygen consump-
tion [344].

Identified proteins expressed exclusively in the nervous system, based
on available annotations, include the transcriptional repressor scratch 1
(SCRT1) and the X-linked transcription factor SOX-3 (SOX3), both in-
volved in neuronal differentiation [345, 346]. A third nucleic acid binding

protein, Zinc finger protein 312, is uncharacterised. Also nervous system
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specific is Syntaxin-1B2, a splice isoform of Syntaxin 1. Syntaxin 1 localises
to the plasma membrane of axons and synapses [347], where it functions

as a t-SNARE, acting in docking and fusion of synaptic vesicles [348].

Due to the selection against hydrophobic and basic proteins inherent to
all protein separation techniques employed in the study, transmembrane
proteins and nuclear proteins were significantly under-represented in the
dataset. This is a problem common to most proteomics studies [349].
However, especially with regard to the study of brain function, both pro-
tein classes are of particular importance as they include transcription fac-
tors, ion channels and cell surface receptors. The latter also play an impor-
tant role in drug development, and it should be noted in this context that
G-protein coupled receptors, a very important class of drug targets, were
almost absent from the dataset.

The strongest bias against transmembrane proteins was observed in ex-
periments that separated the sample by 2D-PAGE prior to identification.
However, the results also showed that the application of 1D-PAGE fol-
lowed by LC, or LC alone also leads - although to a lesser extend - to a

significant under-representation of transmembrane proteins.

Representation of the identified IPI entries across the IPI source databases
indicated an enrichment of the dataset in relatively well-characterised pro-
teins: two-thirds of all identified proteins had an entry in the manually cu-
rated UniProtKB/Swiss-Prot database. This bias is probably rooted in the
abundance and biochemical characteristics of these proteins, making them
relatively easily accessible to analysis techniques routinely used in protein
research. As discussed above, gel-based methods in particular are known
to discriminate against certain classes of proteins. However, the results
showed that regarding the sensitivity for 'novel” proteins, there was no
significant difference in the performance between gel-based and gel-free
methods.

That abundance is likely to play a more important role here than biochem-
ical factors is supported by a comparison of the identification frequency
of proteins across experiments with mRNA expression levels of the genes
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encoding them. The results indicate preferential identification of protein
products of highly expressed genes.

Proteins identified repeatedly and at high sequence coverage are mainly
linked to housekeeping functions such as metabolism, cellular structure
and intracellular transport. Identifications with high peptide frequency
were clathrin heavy chain (CLTC), which is part of the coat of vesicles
and coated pits [350], albumin (ALB), and heat shock 70kDa protein 12A
(HSPA12A), which is highly expressed in brain, muscle and kidney. Also
frequently identified were several cytoskeleton, cytoskeleton-associated
and cytoskeleton-interacting proteins such as microtubule associated pro-
tein 2 (MAP2); glial fibrillary acidic protein (GFAP), a class-III intermediate
tilament, distinguishing astrocytes from other glial cells [351]; ankyrin-2
(ANK2); and neurofilament triplet M protein (NEF3).

Proteins identified by all five laboratories included glial fibrillary acidic
protein (GFAP); a-enolase (ENO1), an enzyme functioning in glycolysis;
ubiquitin carboxyl-terminal esterase L1 (UICHL1), which is involved in the
processing of ubiquitin precursors and ubiquinated proteins, and is ex-
pressed in the neocortex and the neuroendocrine system; the adaptor pro-
tein 14-3-3 { (YWHAZ); as well as ubiquitously expressed p-actin (ACTB).

The biases identified by the functional analysis point out the need for im-
proved sample preparation, fractionation and detection methods that i) do
not discriminate against protein classes pivotal to the study of brain func-
tion and ii) enhance sensitivity for proteins with low expression levels. In
principle there are two approaches to address the latter problem. One is
the depletion of highly abundant proteins, a common approach in pro-
teomic analyses of blood plasma samples , which have a particularly large
dynamic range. Co-precipitation, however, might result in the removal
of proteins potentially important for the understanding of the system un-
der study [352]. Another approach, rapidly gaining importance in current
MS based proteomics, is the targeted detection of proteins using protein-
specific reporters detected by selected reaction monitoring (SRM) a highly

sensitive MS method introduced in the first chapter.
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2.4.4 Detection of gene products important for the study of
CNS function

Despite the dominance of abundant and well characterised proteins, a de-
tailed assessment of peptide evidence showed that the study successfully
identified a significant number of protein products of genes important for
the study of CNS function.

The assessment was based on a list of genes considered pivotal to CNS
function based on evidence from the literature, curated annotations and
expression data. Despite a certain degree of overlap between the differ-
ent approaches it became clear that information obtained from different
sources is currently still mostly complementary rather than mutually sup-
portive. The limited overlap observed here could be explained by the non-
exhaustive annotation of UniProtKB/Swiss-Prot entries with regard to tis-
sue specificity, and a lower sensitivity of the literature search and curated
annotation concerning CNS specificity of a gene compared to its expres-
sion profile. It is to be expected however, that consistency across heteroge-
neous information sources will improve as curation efforts annotate pro-
gressively more published data in databases such as UniProtKB/Swiss-
Prot, and as the vast amounts of empirical protein expression data start
finding their way into these databases. An example of the latter is given
by the recently introduced "protein existence’ tag in the UniProtKB/Swiss-
Prot database.

The analysis showed that the HUPO BPP dataset contained expression
evidence for a significant proportion of the genes identified as important
for CNS function. Many of them have brain specific splice isoforms. Al-
ternative splicing plays an important role in brain physiology and mis-
regulation of splicing is implicated in a number of pathological conditions.
Therefore, the detection of splice isoforms is of particular interest with re-

spect to the study of brain function in health and disease.

Resolving splice isoforms, however, is still a challenge in proteomics as

inter- and intra-gene sequence similarity due to gene paralogy, conserved
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domains and isoforms sharing the same exons lead to peptide-to-protein
ambiguity. This makes it sometimes difficult to tell which gene was ex-
pressed and more commonly which particular isoform of a particular gene
was present in the sample.

While in the majority of cases the peptide evidence was specific on gene
level, the resolution of splice isoforms was relatively poor. However, for a
number of alternatively spliced genes, specific splice isoforms were iden-
tified by unambiguous peptide matches, including unambiguously identi-
tied brain specific splice isoforms. Some of the unambiguously identified
isoforms were, according to UniProtKB/Swiss-Prot annotation, still exper-
imentally unverified on protein level.

Proteomic confirmation of hypothetical and experimentally unverified
proteins can greatly improve genome annotation, as it provides experi-
mental evidence on protein level supporting gene predictions and models.
The value of mass spectrometry data for the identification, confirmation,
and correction of gene annotations has been demonstrated in the model
organism C. elegans recently [353]. In order for sequence and genome
databases, and in turn the proteomics community, to benefit from such
information, systematic data collection and integration with sequence
databases is an important aspect of large-scale proteomics studies. The
aforementioned ’protein existence’ tag used in UniProtKB/Swiss-Prot is
an example for a mechanism through which proteomics data can feed back
to sequence databases. However, the high quality standards applied in
Swiss-Prot require thorough quality control of evidence from mass spec-
trometry experiments, which makes incorporation of proteomic evidence
a relatively slow process. To support genome annotation on a large-scale a
more efficient feed of proteomics data into the genome annotation process
is required. An important component of an infrastructure to effectively
interface evidence from proteomics experiments with genome annotation
efforts are centralised and publicly available data repositories. Capturing
of the vast quantities of identifications and related metadata that are pro-
duced by the proteomics community in a systematic and coherent way
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will greatly facilitate the integration of these data with genome annotation
pipelines.

Finally, a comparison between observed isoform specific peptides and pre-
dictions of their proteotypic character showed a predictive performance
that was no better than random. This result is not entirely surprising as the
empirical peptides were not selected based on the prevalence of their iden-
tification across the experiments (a hallmark of a true proteotypic peptide),
but on their ability to discriminate between proteins (a secondary charac-
teristic of a proteotypic peptide). When the list of empirically observed
peptides was restricted to a subsection of frequently identified peptides,
the predictions proved to be noticeably albeit not significantly better than
random. Interestingly, only about 50% of the empirically frequently ob-
served peptides were in fact predicted to be proteotypic, showing a rela-
tively large false negative rate in the predictions. The results indicate that
the fine granularity of predicting the appropriate separation and detection
technology for proteotypic peptides did not hold up in the light of the data
analysed here.

2.4.5 Conclusions and perspectives

Besides the technological challenges proteomics is facing as an emerging
tield, another major difficulty it shares with all ‘omics” approaches is the
extraction of knowledge from the enormous amount of data generated. A
comprehensive and consistent analysis of proteomics data in the context
of functional annotation adds value to large-scale proteomic studies by
putting the results into a biological context. The bird’s eye view provided
by such an analysis reveals global characteristics of the data not immedi-
ately apparent from its parts. This can facilitate evaluation of large-scale
proteomics studies, which frequently face challenges in analysing and ex-
tracting knowledge from the large quantities of data generated.

While the infrastructure to capture and disseminate experimental data is

emerging [256] there is still a lack of bioinformatics resources and tools
to support the integrated analysis of proteomic experiments [354] as per-
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formed here. As the proteome is still a moving target, the view of a dataset
at any given time is only a snapshot based on the current state of pro-
tein sequence and annotation resources. Therefore, maintaining an up-to-
date view of proteomics data is challenging due to constant change of the
underlying resources. However, integration of proteomics data resources
with other sources of biomedical knowledge is gradually improving. The
increased use of federated data integration facilities like BioMart will fa-
cilitate the analysis of large-scale proteomics experiments in the context of
biological information from disperse databases. Together with the avail-
ability of identifier mapping and cross referencing services [355], they will
significantly improve data integration within proteomics as well as across

different ‘'omics’ domains.

Besides these independent developments of building blocks for an im-
proved data integration infrastructure there are also ongoing coordinated
efforts to connect bioinformatics resources. The Experimental Network for
Functional Integration (ENFIN), for example, is a consortium of twenty
wet and dry laboratories set up to develop a platform for integration
of bioinformatics methods and resources in various domains of biology,
and to provide experimentalists with a unified solution to analyse their
datasets [356]. Whether a centralised integration strategy as pursued by
ENFIN, or federated approaches like BioMart, will ultimatly perform bet-
ter in the face of the complexity and heterogeneity of the data remains to
be seen. More important is the fact that the need for better data integration
and analysis tools to support ‘omics’ research is now widely recognised in

the scientific community.

Whith regard to future strategies for an effective study of the human pro-
teome it is apparent that single proteomics experiments currently cannot
support the necessary parallelism to achieve the desired amount of data
for system biology type of analyses. However, the combined efforts of
many laboratories and research consortia worldwide could in fact provide
such parallel data generation on a large scale. On the one hand, the com-
plementary nature of the data generated in the HUPO BPP pilot study
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shows that different analytical technologies can greatly increase the cov-
erage of the system under study. On the other hand however, in light
of the study goals, which were the evaluation of different proteomics ap-
proaches and specimen types with regard to their suitability to study brain
function, the heterogeneity of the reported results raises the question of
whether there should have been more emphasis put on experimental de-
sign. A relatively loose coordination of experimental approaches applied
to the different specimen types, the lack of technical and biological repli-
cates, and the large heterogeneity in the number of protein identifications
in the individual experiments, did not in the end, allow the study to ad-
dress the questions set out to answer. The exploratory nature of the study
only allowed to identify overall trends and biases in the dataset which
were to a large extent not necessarily specific to the analysis of the brain

proteome but common to most current proteomics studies.

“With great power there must also come - great responsibility!” ! Replicat-
ing the success of the human genome project in proteomics will require a
high degree of collaboration and coordination to overcome the analytical
challenges involved in defining the proteome. To funnel the power and
maximise the synergistic effect of large collaborative endeavours like the
HUPO BPP, the proteomics community will have to trade in, at least to
some extent, academic freedom for clearly defined targets and a more rig-
orous study design. Only then can a transition from exploratory to confir-
matory data analysis be achieved allowing collaborative studies to become

more than the sum of their parts.

!Benjamin Parker in Amazing Fantasy #15 (August 1962) - The first Spider-Man story



Chapter 3

Proteomic footprint on the
genome: a survey of expression
evidence for protein-coding genes

in public proteomics repositories

3.1 Introduction

Delineating the protein-coding genome is central to the understanding
of human biology on the molecular level. Functional diversification on
protein level arising from alternative transcription [357, 358] and trans-
lation [16] as well as post-translational modification of protein products
makes the study of gene function on protein level indispensable.

Given the potential extent of combinatorial diversity, together with the
variation of protein isoforms and modifications across tissues and physio-
logical states [359, 360], the task of mapping the proteome is immense.

A first step towards a comprehensive annotation of the proteome is the
identification of protein-coding genes and the protein products they en-
code. The recent announcement by the UniProt consortium of the com-

pletion of the first draft of a fully curated representation of the com-
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plete human protein-coding genome in Swiss-Prot [361] marked a mile-
stone on the path to achieving this goal. This manually reviewed set
of currently known protein-coding genes consists of 20332 entries cover-
ing 34129 distinct protein sequences if annotated splice isoforms are in-
cluded (release 14.7, January 2009).

Most protein sequences in the UniProt Knowledgebase (UniProtKB) are
derived from the translation of coding sequences submitted to one of
the three nucleotide sequence databases European Molecular Biology
Laboratory (EMBL)-Bank, GenBank or DNA Data Bank of Japan (DDBJ).
The strength of evidence for the existence of a protein product differs
from gene to gene, and a recently introduced ‘protein existence” attribute
indicates the degree of confidence [362]. While some entries are based
purely on gene predictions, the existence of others is inferred from homol-
ogy to known proteins in closely related species. For the majority of hu-
man Swiss-Prot entries reviewed experimental evidence exists either on
transcript (37.1%) or directly on protein level (58.9%) in the form of se-
quence information from Edman degradation, X-ray or nuclear magnetic
resonance (NMR) structure, antibody detection or identification by mass

spectrometry (MS).
In particular, in light of its high-throughput capabilities, the latter is an

important technology to assist the annotation of protein sequences on a
large-scale. Evidence from mass spectrometry experiments can not only
confirm that a gene is translated into a protein sequence. Peptides iden-
tified by MS can also be used to confirm gene models [147] as well as
to locate sites of post-translational modification [154, 180]. Mass spec-
trometry has also been successfully employed to identify previously un-
known genes by matching mass spectra against the six frame translations
of genomes [150, 363].

Systematic integration of MS proteomics data with the genome sequence,
however, is still sparse and its potential as supporting evidence in the
genome annotation process practically untapped [151]. Although the

use of mass spectrometry data as a tool for genome annotation has been
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demonstrated [364, 365, 148] its integration with the genome sequence
remains largely restricted to retrospective mapping of peptide identifi-
cations to annotated genomes. The ‘protein existence’ tag in UniProtKB
entries is one example of proteomics data being used as confirmatory
evidence for existing protein records [362]. Proteomics resources like
PeptideAtlas [366, 257] and the Global Proteome Machine Database (gp-
mDB) [257] map or base their peptide identifications on sequences trans-
lated from existing gene models of the Ensembl database. Peptide iden-
tifications from the Max-Planck Unified Proteome Database (MAPU) are
integrated with Ensembl protein entries via the Distributed Annotation
System (DAS) [367].

Like the efforts to integrate proteomics data with the genome, pro-
teomics data itself is disperse. Although several proteomics reposito-
ries have agreed to exchange information between their databases in
the future [267], currently there is no integrated view of proteomics
data in the public domain and none of the major genome browsers of-
fers systematic integration of proteomics information on the genome se-
quence as it is available for transcript or other types of ‘omics” data al-
ready [9, 368, 369, 370, 371, 372], not least because these data are systemat-

ically used in genome annotation.

Meanwhile, plans for a Human Proteome Project (HPP) to systematically
map the proteome have emerged [373]. The drafting process of the project
is accompanied by discussions of whether a HPP should be gene- or
protein-centric [374] and it is argued that the suitability of mass spectrom-
etry for the former would be limited [241].

To assess the potential, as well as the limitations, of current MS based pro-
teomics as a tool for genome annotation, a survey of proteomics data in the
public domain was conducted. The aim of the analysis was to get a clear
picture of i) the combined status of proteomics efforts to date with regard
to the coverage and resolution of the human protein-coding genome and
ii) the extent of bias and redundancy found in proteomics datasets dis-

cussed in the previous chapter, on a global level.
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Peptide identifications were obtained from the four proteomics reposito-
ries PeptideAtlas [149], gpmDB [257], Human Proteinpedia (HuPA) [375]
and the Protein Identification Database (PRIDE) [256]. The four resources
differ in their goals and philosophy. PeptideAtlas and gpmDB aim to build
libraries of proteotypic peptides [376] and their fragmentation patterns by
applying a uniform analysis process to identify peptides from MS spectra
submitted to their databases. Both resources integrate MS data with a sin-
gle reference genome, PeptideAtlas, by mapping peptide identifications
to Ensembl protein entries [366] and gpmDB by using Ensembl protein
sequence information for peptide identification [257]. HuPA and PRIDE
are repositories for MS proteomics experiments accepting submission of
peptide and protein identifications made by the data submitter. Thus,
identifications are based on a range of different algorithms and databases.
PRIDE maps peptide and protein identifications periodically to a common
sequence space for integration with up-to-date sequence and annotation
information. However, the peptide information available for download is
provided unprocessed as deposited by the original data submitter.

Peptide data obtained from the four databases was integrated by align-
ing it to the protein-coding genome as defined by the Ensembl genome
annotation. Using Ensembl as a reference space for integration put the
proteomics data in a single genomic context with the added benefit of tran-
sitive integration with the large body of genome information and annota-
tions available through the Ensembl project including gene models, single
nucleotide polymorphisms (SNPs), microarray probeset mappings as well
as functional annotations. This enabled a straightforward analysis of pep-
tide data regarding qualitative and quantitative coverage of the genome,
i.e the proportion of genes and proteins covered by proteomics evidence,
confirmatory evidence for gene models on exon and splice site level, de-
tection of coding SNPs (cSNPs), redundancy of peptide identification and
biases in the sampling of functional categories. The results of this analysis
are presented and discussed in this chapter.
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3.2 Materials & methods

3.2.1 Peptide sequences

Peptide data was obtained from the four MS proteomics resources Pep-
tideAtlas, gpmDB, HuPA and PRIDE. Data from PeptideAtlas, gpmDB
and HuPA was downloaded as flat text files from the respective hypertext
transfer protocol (HTTP) or file transfer protocol (FIP) servers. Peptide
identifications from PRIDE were obtained via the PRIDE BioMart. See ta-

ble 3.1 for release information and universal resource locators (URLs).

Table 3.1: Origin of peptide data used in the survey. The table lists the
database name the database release (PeptideAtlas, HuPA) or downloaded
date (gpmDB, PRIDE), and the URL the data was obtained from.

database release/date URL
PeptideAtlas  April 2007 http:/ /www.peptideatlas.org/builds/
human/HumanP’0.9/200704/ APD_Hs_all.fasta

gpmDB 05/09/2008  ftp://ftp.thegpm.org/proteotypic_peptide_
profiles/eukaryotes/GPMp /human_cmp_20.
fasta

HuPA 2.0 http:/ /www.humanproteinpedia.org/HuPA_
Download/FULL/HUPA_RELEASE 2.0.zip

PRIDE 03/09/2008  http://www.ebi.ac.uk/pride/prideMart.do

From the HuPA database only cell line and tissue expression data
contained in the files HUPA _Cell_line_Expression_ MS_PEPTIDES.txt and
HUPA _Tissue_Expression_ MS_PEPTIDES.txt was used in the analysis.

For use with the basic local alignment search tool (BLAST) (see sec-
tion 3.2.4) peptide sequences obtained from HuPA and PRIDE were con-
verted to FASTA format [377].


http://www.peptideatlas.org/builds/human/HumanP0.9/200704/APD_Hs_all.fasta
http://www.peptideatlas.org/builds/human/HumanP0.9/200704/APD_Hs_all.fasta
ftp://ftp.thegpm.org/proteotypic_peptide_profiles/eukaryotes/GPMp/human_cmp_20.fasta
ftp://ftp.thegpm.org/proteotypic_peptide_profiles/eukaryotes/GPMp/human_cmp_20.fasta
ftp://ftp.thegpm.org/proteotypic_peptide_profiles/eukaryotes/GPMp/human_cmp_20.fasta
http://www.humanproteinpedia.org/HuPA_Download/FULL/HUPA_RELEASE_2.0.zip
http://www.humanproteinpedia.org/HuPA_Download/FULL/HUPA_RELEASE_2.0.zip
http://www.ebi.ac.uk/pride/prideMart.do
HUPA_Cell_line_Expression_MS_PEPTIDES.txt
HUPA_Tissue_Expression_MS_PEPTIDES.txt
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3.2.2 Protein sequences, single nucleotide polymorphisms

and exons

Protein entries of Ensembl (release 50) were obtained in FASTA format
from the Ensembl FTP site (ftp:/ /ftp.ensembl.org/pub/release-50/fasta/
homo_sapiens/pep/Homo_sapiens.NCBI36.50.pep.all.fa.gz). A non-
redundant (nr) protein sequence file in FASTA format was created by
grouping protein entries with identical amino acid sequence resulting
from translation of Ensembl transcripts with identical coding sequence
(CDS).

Protein sequence coordinates of non-synonymous coding single nu-
cleotide polymorphism (cSNP)s were obtained from Ensembl by querying
the Ensembl Mart schema directly via the public MySQL database instance
(martdb.ensembl.org:5316 /ensembl_mart_50).

Protein sequence coordinates of exon boundaries were obtained by query-
ing Ensembl through the Ensembl Perl application programming interface
(API) (http:/ /www.ensembl.org/info/docs/api/index.html).

3.2.3 Transcript expression data

gcRMA normalised expression data [333] was downloaded from
the SymAtlas [229] website (http://wombat.gnf.org/downloads/gnflh,
gcrma.zip). Expression values were mapped to Ensembl genes using the
mapping of Affymetrix probeset identifiers to Ensembl genes provided by
the Ensembl database or in the case of GNF custom probesets based on the
Genomics Institute of the Novartis Research Foundation (GNF) chip anno-
tation tables (http:/ /wombat.gnf.org/downloads/gnflh-anntable.zip).

3.2.4 Sequence alignment

Peptide sequences were aligned to Ensembl protein sequences using the

local sequence alignment program BLAST [262].


ftp://ftp.ensembl.org/pub/release-50/fasta/homo_sapiens/pep/Homo_sapiens.NCBI36.50.pep.all.fa.gz
ftp://ftp.ensembl.org/pub/release-50/fasta/homo_sapiens/pep/Homo_sapiens.NCBI36.50.pep.all.fa.gz
martdb.ensembl.org:5316/ensembl_mart_50
http://www.ensembl.org/info/docs/api/index.html
http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
http://wombat.gnf.org/downloads/gnf1h,gcrma.zip
http://wombat.gnf.org/downloads/gnf1h-anntable.zip
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BLAST executables (version 2.2.18) were downloaded from ftp:/ /ftp.ncbi.
nlm.nih.gov /blast/executables/LATEST /blast-2.2.18-ia32-linux.tar.gz.

A non-redundant FASTA file of Ensembl protein sequences (see sec-
tion 3.2.2) was used as the search database. Amino acid residues affected
by non-synonymous cSNPs were masked by replacing them with the one-
letter amino acid code "X’ representing an unknown amino acid.
Parameters optimised to find matches to short peptides (http://www.
ncbi.nlm.nih.gov /blast/producttable.shtml#shortp) were used for the
BLAST search:

1. word size = 2
2. SEG Filter = Off
3. expectation value = 20000

4. score matrix = PAM30

The results were subsequently filtered for ungapped alignments stretching
the entire query peptide sequences. Mismatches were only allowed at po-
sitions of non-synonymous cSNPs and the mismatching peptide residue
had to be an allowed single nucleotide polymorphism (SNP) allele.

3.2.5 Insilico proteolytic digest

Theoretical tryptic peptides were generated using the proteomics software
toolkit DBToolkit (version 3.5.4) [378]. A FASTA file of non-redundant
Ensembl protein sequences (see section 3.2.2) was used as input. Missed
cleavages were not allowed and peptide sequences were filtered by theo-
retical molecular mass retaining only peptides in the mass range between
600 - 4000 Da.

3.2.6 Gene Ontology analysis

The Gene Ontology analysis was performed as described in section 2.2.7.


ftp://ftp.ncbi.nlm.nih.gov/blast/executables/LATEST/blast-2.2.18-ia32-linux.tar.gz
ftp://ftp.ncbi.nlm.nih.gov/blast/executables/LATEST/blast-2.2.18-ia32-linux.tar.gz
http://www.ncbi.nlm.nih.gov/blast/producttable.shtml#shortp
http://www.ncbi.nlm.nih.gov/blast/producttable.shtml#shortp
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3.3 Results

3.3.1 Peptide data obtained from PeptideAtlas, gpmDB,
HuPA and PRIDE

Peptide sequence information was obtained from the four MS proteomics
data bases PeptideAtlas, gpmDB, HuPA and PRIDE. Table 3.2 summarises
the number of peptide records and non-redundant peptide sequences re-
trieved from each database and in total.

As the four resources differ in their goals and philosophy, the peptide in-
formation provided by the four databases is different in nature. PeptideAt-
las and gpmDB provide identified peptide sequences as non-redundant
sequence libraries of proteotypic peptides, i.e. peptides that are frequently
and repeatedly observed for a given protein. Information about the iden-
tification frequency of individual peptides is not supplied with the se-

quences.

Peptide information from PRIDE and HuPA was obtained as redundant
lists of peptide sequence records. The frequencies of individual peptide
sequences in the list are equivalent to the number of times a particular pep-
tide has been reported as identified in the database. On average 116000 nr
peptide sequences were obtained from each database. The smaller number
of peptide sequences contained in PeptideAtlas can probably be explained

by the most recent build available at the time of analysis being two years
old.

Table 3.2: Peptide sequence data obtained from the four MS proteomics
repositories PeptideAtlas, gpmDB, HuPA an PRIDE.

database peptide records peptide sequences (nr)
PeptideAtlas 84086 84086
gpmDB 124655 124655
HuPA 1668736 115634
PRIDE 1598676 140016

total 3476153 280703




3.3 Results 132

The total number of non-redundant peptide sequences, shown in table 3.2,
indicated that peptide data available from the four resources was to a large
extent complementary. Table 3.3 summarises the overlap of sequence in-
formation between databases. The average overlap was ~24%. Only 7%
of all peptide sequences were found in all four databases and 57% were
unique to the respective resource. With an overlap of 44%, PRIDE and
HuPA were the two databases with the highest number of shared peptide
information. The lower overlap of PeptideAtlas and gpmDB with HuPA
and PRIDE respectively, could be explained by the different nature of pep-
tide information provided by the first two databases limiting sequence in-
formation to that of proteotypic peptides as defined by a single processing
pipeline.

Table 3.3: Overlap of peptide sequence information obtained from Pep-
tideAtlas, gpmDB, HuPA and PRIDE. The overlap between two databases
is defined as the number of peptides found in the intersection of the pep-
tide sets from the respective databases and is given as the percentage of
the union of the peptide sets. Unique peptides are defined as peptides
which are unique amongst all nr peptides found in the four databases. For
the individual databases the proportion of unique peptides is given as the
percentage of all nr peptide sequences in the database. The total propor-
tion of unique sequences is the sum of all unique peptides given as the
percentage of all nr peptide sequences in the four databases.

database HuPA PeptideAtlas PRIDE unique

gpmDB 36683 (18%) 43272 (26%) 44391 (20%) 60016 (48%)
HuPA 29353 (17%) 79055 (44%) 27164 (23%)
PeptideAtlas 34140 (18%) 30701 (36%)
PRIDE 43315 (31%)
overlap between all 18974  (7%) \ total unique 161196  (57%)

Information about the proteases used to generate the obtained peptides
was either not available or not obtained from the respective databases.
However, the protease of choice in the majority of proteomics experi-
ments is trypsin due to its high sequence specificity and efficiency. Fur-
thermore, in tryptic peptides basic amino acid residues reside at the car-
boxy (C)-terminus, wich is beneficial for sequencing by collision induced
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dissociation (CID). The distribution of the C-terminal residue frequency
(figure 3.1) shows that the vast majority of peptides (84%) indeed end in
the residues arginine (R) or lysine (K) and are thus likely to result from
proteolysis with trypsin or the less frequently used proteases Arg-C and
Lys-C. Other proteases that find use in MS based proteomics experiments
are pepsin A (cleaves C-terminal of F, L), V8E (cleaves C-terminal of E)
and V8DE (cleaves C-terminal of E, D). However, given the infrequent
use of these proteases, it is more likely that the majority of peptides with
non-tryptic ends are either peptides originating from the C-terminal end

of digested proteins or truncations of tryptic peptides.

C-terminal residue frequency of obtained peptides

amino acid
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Figure 3.1: Frequency distribution of carboxy-terminal peptide residues.
Residues are specified by their one-letter amino acid code.
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3.3.2 Integration of peptide data with the genome
3.3.2.1 Alignment of peptides to Ensembl protein sequences

Peptide sequences were put into genomic context by aligning them to the
non-redundant set of translations of Ensembl protein-coding genes. Re-
sidues in the protein sequence affected by ¢cSNPs were masked to allow
straightforward alignment of peptide sequences with different SNP alle-
les. Alignments were subsequently filtered for perfect matches. Residues
matching at masked SNP positions had to be an allowed consequence of
one of the nucleotide SNP variants.

The results of the peptide sequence alignment are summarised in table 3.4.
The ~215000 (76.8%) successfully aligned sequences originated from 2.8
million peptide records, which was 81% of all records obtained. Unaligned
sequences were most likely the result of sequence changes over time as
well as differences between the databases used for peptide identification.
These occurances are discussed in detail in the previous chapter.

The ~10% higher alignment success rate for peptide sequences from Pep-
tideAtlas and gpmDB is probably explained by the fact that both databases
use the Ensembl genome as a reference. Failed alignments could be ex-
plained by sequence changes between Ensembl versions as well as the
fact that both databases also contain peptide identifications based on
other sequence databases like the International Protein Index (IPI) and
NCBInr [275] that are not always mappable to Ensembl protein entries.

Table 3.4: Peptides aligned to Ensembl protein sequences.

database aligned aligned

peptide records peptide sequences (nr)
PeptideAtlas 69922 (83.2%) 69922 (83.2%)
gpmDB 106103 (85.1%) 106103 (85.1%)
HuPA 1339524 (80.3%) 85856 (74.2%)
PRIDE 1301326 (81.4%) 104127 (74.4%)

total 2816875 (81.0%) 215552 (76.8%)
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3.3.2.2 Properties of aligned peptide sequences

A sequence match per se does not mean that the respective peptide se-
quence originates from the matched stretch of protein sequence. Whether
or not a peptide can theoretically originate from the matched location de-
pends on the specificity of the protease and thus the context of the se-
quence match. To be a candidate origin for a matching peptide sequence,
a match location has to be flanked, or in the case of N-terminal and C-
terminal fragments, followed or preceded by valid protease recognition
sites. In cases where these conditions are not met there is also the possibil-
ity of the peptide sequence arising from break-up of a proteolytic peptide.

As protease information was not obtained with the peptide sequences the
proteolytic character of matching peptides had to be empirically deter-
mined from the data. Successfully aligned peptides showed a similar fre-
quency distribution of C-terminal residues as the overall distribution ob-
served for all peptides obtained from the four databases (figure 3.1) with a
prevalence of tryptic cleavage sites (figure 3.2 A). Because of the very low
frequency of residues implicating the use of other proteases only trypsin

was taken into account as a peptide generating protease.

Previous analyses of trypsin specificity suggested that the protease cleaves
exclusively C-terminal of lysine and arginine. The only non-tryptic pep-
tides likely to be observed are break-up products of fully tryptic peptides
N-terminal to an internal proline [54]. Therefore, peptide matches were
tiltered further for peptide sequences originating from fully tryptic loca-
tions (flanked by arginine or lysine residues which are not followed by
proline) or C-terminal fragments of such peptides resulting from trunca-
tion occuring N-terminal of internal prolines that are preceded by aspartic
acid (the amide bond between D-P residues in peptides is the weakest and
thus easily hydrolisable [54]).

As figure 3.2 B shows the majority of alignabed peptides (~69%) origi-
nated from fully tryptic peptide locations with only a small minority of 459
peptides (0.2% of all aligned peptides and thus not visible in the bar plot)
potentially resulting from truncation of tryptic peptides. A similar relative
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Figure 3.2: Properties of aligned peptide sequences. A) C-terminal resi-
due frequency. B) Specificity and proteolytic character. Fully tryptic pep-
tides are peptides originating from at least one protein sequence location
flanked by K or R including those with internal K or R residues. Truncated
(trunc.) tryptic peptides are C-terminal fragments of fully tryptic pep-
tides that have been truncated N-terminal of proline residues preceeded
by aspartic acid. C) and D) Gene and protein coverage. The proportion
of genes/proteins that have at least one peptide match is shown for all
peptides and for fully tryptic peptides. Specific peptide matches uniquely
identify a given gene or protein.
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frequency of tryptic peptides was observed for gene and protein-specific
peptides, which make up ~90% and ~50% of all aligned peptides, respec-
tively. Here, peptide matches are defined as protein-specific if they match
only a single protein sequence and as gene-specific only if they match pro-
tein sequences encoded by the same gene. Tryptic peptide matches are
defined as protein-specific if they match a fully tryptic sequence location
in exactly one protein sequence. They are considered gene-specific if they
match a fully tryptic sequence location only in protein products originat-

ing from exactly one gene.

Figures 3.2 C and D show the proportions of protein-coding genes and
protein products matched by all aligned as well as fully tryptic peptides
only. Around 80% of genes and proteins were “touched” by peptide evi-
dence, i.e. had at least one peptide match. Peptides matching only prod-
ucts of a specific gene were present for ~72% of all protein-coding genes
while peptides uniquely matching a single protein product were present
for ~32% of all protein sequences. As the bar plot shows, considering
fully tryptic peptides alone only marginally affected the overall coverage
on both gene and protein level.

The above results show that tryptic peptides were prevalent, and that con-
sidering only fully tryptic peptides did not significantly affect gene and
protein coverage. This together with the results of previous experimen-
tal studies, suggesting that for a typical shotgun proteomics experiment
only fully tryptic peptides should be used for peptide identification [54],
were the rationale to consider only fully tryptic peptide matches for fur-
ther analysis.

3.3.2.3 Properties of fully tryptic peptide sequences

Although trypsin is a highly specific protease, tryptic digests are never
100% efficient, resulting in partially cleaved fragments with internal cleav-
age sites. Figure 3.3 A shows the frequency distribution of missed cleavage
sites for observed fully tryptic peptides. Half of all fully tryptic peptides
were perfect tryptic peptides, i.e. did not have internal missed cleavage
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sites. Almost 98% of all peptides had a maximum of two missed cleav-
age sites. The steep drop in the frequency of peptides with more than
two internal missed cleavage sites is consistent with most search engines
allowing for a maximum of two missed cleavages. This is to reduce the
number of random matches resulting from the higher number of theoreti-

cal peptide masses to be matched against the experimental data.

An in silico tryptic digest of Ensembl protein sequences, not allowing
for any missed cleavages to simulate a perfect proteolysis, resulted in
622709 distinct peptide sequences in the mass range between 600 - 4000
Dalton (Da). As figure 3.3 B shows 20% of theoretical peptides have been
observed either directly as perfect tryptic peptides, indirectly as subse-
quences of larger tryptic peptides resulting from missed cleavage, or both
directly and indirectly.

Figure 3.3 C shows the peptide mass distribution of all theoretical perfect
tryptic peptides in comparison to theoretical peptides covered by exper-
imental peptides and actually observed fully tryptic peptides. The dis-
tribution of peptide masses of observed tryptic peptides was skewed to-
wards higher masses, and slightly more evenly spread, with a less pro-
nounced peak at lower peptide masses. The mass distribution of theo-
retical peptides covered by observed peptides indicates that the shift to-
wards higher peptide masses is not only the result of missed cleavages
but an overall shift of the distribution towards higher masses. Stochasti-
cally, peptides with higher masses are more likely to be identified as the
frequency of background peptides with similar masses is lower at higher
mass ranges. Secondly, identifications of longer peptide sequences are sta-

tistically more significant.

Figure 3.3 D shows the degeneracy of all theoretical perfect tryptic pep-
tides in comparison to experimentally observed fully tryptic peptides. The
distribution of experimentally observed peptides across the different lev-
els of degeneracy is very similar to that of theoretical tryptic peptides with
around 50% of observed peptides being non-degenerate.
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Figure 3.3: Properties of aligned fully tryptic peptide sequences. A) Fre-
quency of missed cleavage sites in fully tryptic peptides. Shown is the
frequency distribution of missed cleavage sites for fully tryptic peptide
sequences. B) Coverage of theoretical tryptic peptides. Shown is the pro-
portion of theoretical perfect, fully tryptic peptides without missed cleav-
ages covered by experimentally observed peptides. The theoretical pep-
tide sequence could either be observed directly or as a subsequence of an
observed peptide with one or more missed cleavages, or both. C) Prob-
ablity density function of the masses of i) theoretical tryptic peptides, ii)
theoretical tryptic peptide observed directly or as a subsequence, and iii)
the experimentally observed tryptic peptides. D) Degeneracy of experi-
mentally observed tryptic peptides vs theoretical tryptic peptides. The de-
generacy of a peptide is given by the number of protein sequences it maps
to (x-axis). The bar height shows the frequency of peptide sequences at
each level of degeneracy.
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3.3.3 Genome coverage of fully tryptic peptides

Next, coverage of the genome by tryptic peptide evidence was anal-
ysed in more detail looking at confirmatory evidence for gene models
and cSNPs, identification frequencies of individual genes and functional
classes of genes as well as evidence overlap between databases with re-

gard to genome coverage.

3.3.3.1 Confirmatory evidence for gene models

Figure 3.4 summarises confirmatory evidence provided by tryptic pep-

tides for genome annotation on gene, protein, exon and splice site level.

Tryptic peptides covered 76% of the 21785 protein-coding genes annotated
in Ensembl. For 69% of all genes peptide evidence was gene-specific. 44%
of all protein-coding genes encode alternative protein products. Gene-
specific peptide evidence covered 81% of these genes while 59% of un-
spliced genes had one or more specific tryptic peptide matches. This left
24% of the protein-coding genome “untouched” by tryptic peptide identi-

fications.

On protein level the overall coverage was similar with 77% of the 40699
distinct protein sequences “touched” by tryptic peptide evidence. How-
ever, only a third of proteins were identified by protein-specific peptides
matching exactly one sequence. As the pie chart shows, the majority of
proteins covered only by unspecific peptide evidence were protein prod-
ucts of alternatively spliced genes. Intra-gene sequence similarity between
splice isoforms renders a large number of peptides emitted by these pro-
teins ambiguous, leaving only 30% of all theoretical tryptic peptides orig-
inating from alternative protein products for unambiguous protein iden-
tifications. Yet, 17% of the 29001 proteins translated from alternatively
spliced messenger RNA (mRNA)s were identified by such isoform spe-
cific peptides. Of the 11764 proteins encoded by unspliced genes 62% are
identified by protein-specific peptides.

Drilling one level deeper to the 235626 exons making up the translated
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Figure 3.4: Gene, protein, exon and splice site coverage of fully trypic
peptides. alt. = alternatively, spec. = specific.
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regions of protein-coding mRNA, tryptic peptides provided evidence for
the usage of 92270 (39%) exons. That is 37% of all exons of alternatively

spliced and 43% of all exons of non-alternatively spliced genes.

Peptides that coincided with the location of exon boundaries in the protein
sequence provided evidence for splice events. Experimentally observed
tryptic peptides bridged 14% of the 222169 splice events occuring between
coding exons; 15% of the splice events covered were alternative events
(where the splice donor site can be spliced with more than one acceptor
site) and 85% non-alternative events (i.e. splicing always occurs between
the same two exons).

Figure 3.5 provides a more detailed summary of gene model confirmation
by tryptic peptide evidence on exon and splice event level. Around 2400
genes had more than 95 % of their exons confirmed by tryptic peptide
matches (figure 3.5 A) and 2384 genes (11% of all protein-coding genes) -
251 alternatively spliced and 2133 unspliced genes - had a peptide match
to all of their exons. The histogram in figure 3.5 B shows, however, that
the majority of these genes were genes with a single coding exon only.
The gene with the largest number of coding exons confirmed by tryptic
peptide evidence was the serine/threonine kinase ATR, with 47 exons.

On splice event level confirmatory evidence from MS was much sparser,
since the frequency of peptides coinciding with exon boundaries, and thus
the chance of observing them is lower (figure 3.5 C). Nevertheless, 200
genes were matched by peptides that provided protein level evidence for
all splice events occuring between their exons. A small proportion of ten
genes were alternatively spliced. The remaining 188 genes encoded only
one protein product. Similar to the observation on exon level, the majority
of genes with full coverage here also had relatively simple gene models
with only one or two splice events (figure 3.5 D). The Glutamate dehydro-
genase 1 (GLUDI) gene, which encodes two protein isoforms, was with
thirteen covered splice events the gene with the highest number of fully
covered splice events. The gene with the most complex gene model con-

firmed by peptides covering six alternative splice events was the Histone
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Figure 3.5: Gene model confirmation on exon and splice site level by pep-
tide evidence in the PRIDE and HuPA databases. A) Histogram of the
proportion of exons covered per gene. B) Histogram of the exon count of
genes with peptide evidence covering all their exons. C) Histogram of the
proportion of splice events covered per gene. D) Histogram of the splice
event count of genes with peptide evidence covering all their splice events.

gene H3F3A which encodes three different protein isoforms. Table 3.5 lists
the genes encoding alternative protein isoforms that had all splice events

confirmed by tryptic peptides.

3.3.3.2 Evidence overlap between databases

Tables 3.6 and 3.7 summarise the overlap of peptide information between
PeptideAtlas, gpmDB, PRIDE and HuPA at the level of observed tryptic
peptide sequences and theoretical tryptic peptides (directly or indirectly)
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Table 3.5: Gene models of alternatively spliced genes confirmed by tryptic
peptides. alt. = alternative, non-alt. = non-alternative.

gene description Ensembl ID iso- alt. non-alt.
symbol forms splice  splice
events events

H3F3A  Histone H3.3 ENSG00000163041 4 6 0

PVALB  Parvalbumin o ENSG00000100362 3 7 0

1SG20 Interferon-stimulated ENSG00000172183 3 3 1
gene 20 kDa protein

GLUD1  Glutamate dehydroge- ENSG00000148672 2 2 11
nase 1, mitochondrial
Precursor

AK3 GTP:AMP  phospho- ENSG00000147853 2 4 2
transferase mitochon-
drial

PHB Prohibitin ENSG00000167085 2 2 4

UBE2G1 Ubiquitin-conjugating =~ ENSG00000132388 2 2 3
enzyme E2 G1

FABP1 Fatty acid-binding pro- ENSG00000163586 2 4 1
tein, liver

FABP5 Fatty acid-binding pro- ENSG00000164687 2 4 1
tein, epidermal

KNGI1 Kininogen-1 Precursor =~ ENSG00000113889 2 2 9

covered by observed peptides. Compared to the overlap of unfiltered se-
quence information obtained from the four databases (see table 3.3) the
pairwise as well as overall overlap was higher on tryptic peptide level.
The average overlap between individual databases was 31%. Peptides
found in all four databases amounted to 11% of the 147947 fully tryptic
peptides while half of these peptides were reported in a single database
only.

Agreement between databases improved further if the comparison was
made on the level of theoretical tryptic peptides covered by observed pep-
tide sequences. Average pairwise overlap went up to 33% and overall
overlap between all four databases up to 12%. The proportion of peptides
covered by one database only went down to 44%.

Figures 3.6 and 3.7 show the overlap in gene and protein coverage of fully
tryptic peptide evidence from PeptideAtlas, gpmDB, HuPA and PRIDE. If
genes were excluded that do not emit gene-specific tryptic peptides (grey
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Table 3.6: Overlap of fully tryptic peptide sequence information obtained
from PeptideAtlas, gpmDB, HuPA and PRIDE. See legend of table 3.3 for
explanation of how percentages were calculated.

database HuPA PeptideAtlas PRIDE unique
gpmDB 28834 (25%) 29811 (30%) 33093 (24%) 29593 (36%)
HuPA 21510 (24%) 57049 (59%) 1979 (3%)
PeptideAtlas 25086 (22%) 13986 (28%)
PRIDE 23004 (26%)
overlap between all 15816 (11%) \ total unique 68562 (50%)

Table 3.7: Overlap of theoretical tryptic peptides covered by sequence in-
formation obtained from PeptideAtlas, gpmDB, HuPA and PRIDE. See
legend of table 3.3 for explanation of how percentages were calculated.

database HuPA PeptideAtlas PRIDE unique
gpmDB 31231 (30%) 29740 (35%) 35266 (29%) 22036 (32%)
HuPA 23048 (26%) 54891 (55%) 5778 (9%)
PeptideAtlas 26272 (24%) 10817 (23%)
PRIDE 22322 (25%)
overlap between all 17118 (12%) \ total unique 60953 (44%)

shaded area) due to inter-gene sequence similarity, unambiguous peptide
evidence was reported for 73% of the protein-coding genome in at least
one proteomics repository. Specific peptide evidence found in all four
databases covered a core set of a little less then 5000 genes which repre-
sent around 20% of the protein-coding genome. Around 7800 (35%) of all
genes were covered by gene-specific peptides found in at least three of
the four databases and ~11500 (53%) genes are matched by specific pep-
tides from at least two databases. For the remaining 3678 genes, peptides
were reported by only one of the resources, with peptides from PRIDE
contributing the most additional coverage followed by PeptideAtlas, gp-
mDB and HuPA.

On protein level, coverage was very similar to gene level if all tryptic pep-
tide matches, specific as well as unspecific, were considered. However, as
previously mentioned, because of sequence similarities between splice iso-
forms, protein-specific peptide evidence was present for only ~30% of all
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Figure 3.6: Genome coverage of fully tryptic peptides by database. Shown
is the proportion of genes covered by fully tryptic peptide evidence in
the four databases PeptideAtlas, gpmDB, HuPA and PRIDE. The coverage
overlap between the different databases is shown by the colour coding
which indicates the number of databases containing peptide evidence for
the respective genes. The shaded area shows the proportion of the genome
not identifiable gene-specific tryptic peptides.
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protein sequences. If only sequences that emit protein-specific tryptic pep-
tides are taken into account (~80% of all protein sequences) specific pep-
tide evidence has been seen for ~40% of all proetin sequences uniquely
identifiable by tryptic peptides.

3.3.3.3 Confirmatory evidence for coding SNPs

Peptide identifications obtained from PRIDE and HuPA are based on a
range of different databases such as Ensembl, IPI, NCBInr and UniProtKB.
These databases differ in the level of sequence redundancy as well as
the sequence information representing a protein entity. Protein entries in
the different databases can be derived from translations of mRNA or ex-
pressed sequence tag (EST) sequences carrying different alleles of a cSNP.
Therefore, it is theoretically possible that peptides originating from the
same position in a protein but that have been identified using different
databases, carry different alleles of cSNPs found at that peptide position.
A second potential source of SNP information on peptide level is provided
by peptides that carry SNPs which, depending on the genotype, render
the sequence identical to peptides found elsewhere in the genome. The
observed sequence could then either originate from the SNP-less genome
location or from the SNP-containing region, assuming the presence of the
respective SNP allele.

In both peptide populations, identified and unidentified tryptic peptides,
the vast majority of peptides carried no cSNP at all or less then one SNP
per ten residues; 93% in case of observed peptides and 92% in case of un-
observed peptides. Most observed and unobserved peptides that carried
a cSNP had a SNP rate of one to two cSNPs per ten residues. The SNP rate
of observed theoretical peptides was only slightly, but statistically signif-
icantly (Kolmogorov-Smirnov-Test: D = 0.0709,p = 2.2 - 10716), lower
than the SNP rate of unobserved peptides. A possible explanation could
be that peptides carrying more SNPs are more likely to remain unidenti-
tied as the likelihood is higher that their sequence differs from the canoni-

cal database sequence used for spectrum matching.
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Figure 3.7: Proteome coverage of fully tryptic peptides by database.
Shown is the proportion of protein sequences covered by fully tryptic
peptide evidence in the four databases PeptideAtlas, gpmDB, HuPA and
PRIDE. The coverage overlap between the different databases is shown
by the colour coding which indicates the number of databases contain-
ing peptide evidence for the respective proteins. The shaded area shows
the proportion of the proteome not identifiable by protein-specific tryptic
peptides.
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Together, identified tryptic peptides cover 11674 SNP locations, which
is 20% of all SNP locations spanned by theoretical tryptic peptides. To
test the assumption that confirmatory evidence for c¢SNPs on protein
level could be obtained from peptide identifications made from differ-
ent databases (that for the same protein contained sequence entries car-
rying alternative alleles of a cSNP), peptide residues at positions affected
by cSNPs were compared to possible consequences of known SNP alleles.

Comparison of the SNP alleles of matched peptides with SNP data in En-
sembl showed that almost all identified peptides featured amino acid re-
sidues at SNP positions that are found in the canonical Ensembl protein
sequence. Only one SNP location was matched by a peptide set that cov-
ered two of the four protein level consequences at the SNP position. The
sequence stretch W[A/V]JAVVVPSGEEQR covered by the three peptides
was found in protein products of 17 Ensembl genes and the high degen-
eracy of the sequence suggested that the SNP association was spurious.
Closer inspection, however, revealed that all genes were located in the
major histocompatibility complex (MHC) on chromosome six. The MHC
locus is the most gene dense region in the human genome, with a high
level of allelic diversity. Genes in the MHC locus encode proteins involved
in immune response. The three genes containing the SNP with the db-
SNP [275] identifier rs2308488 encode MHC class I « chains, which are
subunits of protein complexes involved in antigen presentation. The re-
maining matched genes also encoded MHC class I proteins. The 17 genes
were associated with the canonical Ensembl genome sequence annotation
as well as with two different haplotype annotations of the MHC available
from the Ensembl database as part of the human haplotype project [379].
Six genes were part of the regular Ensembl genome annotation, six were
contributed by the annotation of the COX cell line haplotype, and five by
the QBL cell line. The three SNP-containing genes were different versions
of the HLA-B gene each associated with a different haplotype annotation,
i.e. canonical, COX and QBL. Table 3.8 lists the respective Ensembl en-
tries and figure 3.8 shows the SNP-containing protein sequence matched

by peptide evidence.
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Table 3.8: HLA-B genes containing a coding SNP covered by experimen-
tal peptide evidence. The haplotype column specifies the cell line of the
haplotype annotation the respective Ensembl entries are associated with.

Ensembl gene ID  Ensembl protein ID gene symbol haplotype
ENSG00000204525 ENSP00000365402  HLA-B-7 -
ENSG00000206450 ENSP00000352656  HLA-B-18 QBL
ENSG00000206341 ENSP00000372816  HLA-B-8 COX

152308488
|

G
E
v

265 FQKWAAVVVPSGEEQRYTCHVQHEGLPKPLTLRWEP 300
WAAVVVPSGEEQRYTCHVQHEGLPKPLTLR
WAAVVVPSGEEQR
WVAVVVPSGEEQR

Figure 3.8: Peptide evidence for coding SNP in HLA-B genes. The shown
stretch of sequence is found in protein sequences translated from three En-
sembl gene entries of the HLA-B gene listed in table 3.8. The numbers to
the left and to the right show the coordinates of the sequence stretch in
the protein sequence. The location of the cSNP rs2308488 is shown in yel-
low. The alternative alleles are shown above the SNP location in blue. The
three peptide sequences covering the SNP containing sequence location
are shown below in green with the SNP location highlighted in red.

3.3.4 Redundancy of peptide identifications
3.3.4.1 Peptide redundancy on gene and genome level

Whether or not a peptide is observed in an MS experiment depends on
various factors including its location in the protein sequence, its physico-
chemical properties and its abundance. In particular the latter affects the
composition of MS datasets which usually exhibit a high level of peptide

redundancy due to the oversampling of highly abundant proteins.

Redundancy of peptide identification on the global level was analysed
based on peptide information from the PRIDE and HuPA databases. Pep-
tideAtlas and gpmDB were not included in the analysis as they did not

provide information on observation frequencies together with the pro-
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teotypic peptides. Only gene-specific fully tryptic peptides were taken
into account in the analysis. The combined set of gene-specific peptides
from the two databases contained 90688 different peptides covering 13213
protein-coding genes.

The box plots in figure 3.9 summarise the distributions of peptide obser-
vation frequencies on gene level. The first box plot shows the frequency
distribution of peptides that are the most frequently observed peptide of
a given gene. For 50% of all covered genes the most frequent peptide has
been observed no more than three times. The highest non-outlier obser-
vation frequency is 20 times. A group of 1752 outliers have observation
frequencies between 21 and 8226 times. The most frequently observed
peptide is featured in two of the three splice isoforms encoded by the Ri-
bosyldihydronicotinamide dehydrogenase (NQOZ2) gene. The second box
plot summarises the distribution of the mean peptide observation frequen-
cies per gene. Three quarters of all genes had an average peptide observa-
tion frequency between one and four. The gene with the highest average
peptide frequency of 1508 was the Haemoglobin subunit § (HBD). The last
box plot shows the frequency with which the majority of a gene’s peptides

were observed which was between one and three.

The peptide frequency distributions indicated that a large proportion of
peptide identifications reported in the two databases originated from pro-
teins encoded by a relatively small set of genes. The extent of peptide re-
dundancy is illustrated in figure 3.10: 50% of all peptide records in HuPA
and PRIDE originated from only 85 genes, which accounted for 0.65% of
all genes covered by tryptic peptide evidence from the two repositories
and 0.39% of all protein-coding genes in Ensembl. A set of 1273 genes (10%
of covered and 5.8% of all protein-coding genes) constituted the source of
90% of all peptide records. The remaining 11940 genes contributed a mere
10% of peptides records. On peptide sequence level, 50% of all distinct
peptide sequences originated from 10% of all covered genes and 90% from
half of all genes (~6600) with peptides reported in PRIDE and HuPA.

Table 3.9 lists the 85 genes 50% of all peptide records obtained from HuPA
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Figure 3.9: Peptide identification frequency on gene level. The box plots
summarise the distributions of the maximum peptide observation fre-
quency per gene as well as the distributions of different location measures
of peptide observation frequencies.

and PRIDE originate from. A large proportion of genes are involved in the
organisation of the cytoskeleton and in intracellular signaling cascades.
The latter encode mostly kinases. The majority of the remaining genes are
involved in housekeeping functions like amino acid, lipid and nucleotide
metabolism, transcription, translation, protein degradation and intracel-
lular transport. A number of genes function in the cell cycle. A few are
associated with blood related functions such as haemostasis and comple-
ment activation. The largest contribution of peptide records by a single
gene was made by titin (TNN), which encodes a structural protein highly
abundant in skeletel muscle cells that is also the largest known protein.
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Figure 3.10: Redundancy of peptide identifications on genome level. The
plot shows the cumulative peptide record and nr peptide sequence fre-
quency vs the frequency of genes identified by the respective peptides.
Both axes are log scaled.



154

aSed 3xau uo panunuod

00T areday VNA INLV oseuny urejord-surrog WLV  11€6¥100000OSNH
urajoid pajerdosse
061 uondudsuer], -urewop  uondusuern /uogeuriojsuei], dVAL  £9€96100000OSNH
641 uoneZIURSIO UOJI[NS0IAD) ureiq ‘ureyp eydye urnoadg INVLdS ¥#69.6100000OSNH
691 uone[suel], INDD I0jeAnOR [EUOLR[SURI], ITINDD  #S168000000OSNH
01/6/9
iy UoneZIULSIO UORI[AS0}L)  swirojost ‘T uadnue prodiydwad snojng LSd  FI61ST00000OSNH
6l uoneZIURSIO UOJI[YS0IAD) [-und[J ID37d  60Z84T00000OSNA
vl Alquesse xordwod urejoxd jo uonem3ay uIsepry INAW  6STTIT00000DSNH
601 uoneZIURSIO UOJI[S0IAD) Z-undsaN ZANAS  $S9¥S000000OSNH
€6 uonjeanoe juswadwo) 10smdaxd ¢0) yuawsdwo) €D 0€4SZT00000DOSNA
L 9[P4D [[o0 DO [ ureyd Laeay T ureukp orwse[doikd  [HIONAQ  Z01Z6100000OSNI
Jjungns
09 aredoy VNA  ondresed aseuny umjord juspuadap-yNQ DAX¥d  T€0TCI00000DSNH
N4 ssaooxd drjoqejowr pidry 10smoa1d Q1-g urejordodijody godv  ¥/9%8000000OSNH
€T uoneZIUESIO U0JI[S0IAD) £-X9A0U WLIOJOST U1y, NLL  £S9SST00000OSNA
[%]
‘bagy dar
-dad ssadoxd awreu [oquAs ouad
“wno [esrdooiq ouad aued [quasuy

3.3 Results

Kouanbaiy prodar spndad saryenums
= ‘baxy *dod wmbd saseqejep omy ay3 ur payrodar suoryesyryuspr apndad (e JO 9,05 PIINGLIIUOD Jey) soudd 6§ Y}
aIe PIISIT "saseqerep VINH pue AAnId oy ut sapndad pajrodar Ayuanbaiy 3sowr a3 uriniesy sauax) :6°¢ d[qeL



155

3.3 Results

98ed jxau uo panunuod

6'1¢ ssa01d [eyuswdopasg unerdowsaq dSd  96996000000OSNH
71 uoneZIUESIO UOJI[YS0IAD) ¢-eydre uadeyo) £V910D  65££9T00000OSNA
8°0¢ y1odsuerny uoig 10s1nda1d ULLISJSULI)0I9G 4L €IST6000000DSNA
z0¢ uoneZIUESIO U0JI[)S0IAD) g-urnuery gNTd  8909€100000DSNH
L'6C apedsed 3urfeudis Ten[aoenu] ©}9q| ¢ 9SeUD] dUIS0IA) Urdj01 ] 9OILd  6680T100000OSNA
1'6C uoneZIUESIO UOJIS0IAD) [ ureiq ‘ureyp e3aq utpdadg INGLdS 90£S1T00000OSNA
68T uoneZIUESIO U0JIS0IAD) urmngaN gIN  T60€8T00000DSNH
§ oseurny
8/T apeosed Jureuds renEdeIU]  dseuny aseuny urejoid pajeande-uadoin PICAVIN  T1SS8000000OSNH
Tl opeosed JurreusIs re[n{RoeHU] V[ 9seuny urojoxd-sursorA], VI $€FC9100000DSNH
urajoxd pajerosse
G99z 9PAd 2 doNAL  -ATeydedomdru - ayI-d[purds  [ewouqy WASY  6£299000000OSNH
L'ST ssadoxd orjoqejawr aprosPNN uplord Qv avd  ¥$LL¥8000000OSNA
06T uoneZIUESIO U0JI[S0IAD) V-uruer VNId  #2696100000OSNH
e UORZIUL3IO UOJIPS0ILD) unydonn NYIN  ST8TSTO0000OSNA
GeT UotSaype [[2D zosmdaid unosuoIqrg INd %1FSTI00000OSNH
urajoxd
LTT YIMoI3 [[90 jo uonen3ay  pajerosse-xojdwos  uwAuwreder-g1dgyd IdVid  £6/86100000OSNI
81T zosmdaid urngojdomew-g-eydry TV 668S4100000OSNA
012 ssaoo1d drjoqejow pidry Tosmdaid urumge wnisg 47V 1€9€9100000OSNH
[%]
‘bayy ar
dad ssadoxd auwreu [oquuAs uad
wno resrdoroiq Juod oua8 [qurasug

a3ed snoraaxd woiy panunuod - ¢°¢ d[qeL



156

3.3 Results

a8ed 3xou uo panunuod

¢'8¢ uonezZIue3IO U0II[EYS0IAD Z urajoid pajerdosse-anqniomIN ¢dVIN 8T08Z000000DSNH
OIAL

6'LE opeosed Surfeudis remEoenuy  oseury| umjoid-oursoid}  103doddI-uoN DIAL  Z6€SO0T00000OSNH

G /€ jrodsuer) uoig 1osmboaxd urwserdomnia) dD  ZS¥/¥000000DOSNH

(W43 uoneAnde juowR[dwo) 10smda1d [ 103083 JuswLdwo) H4D  1£600000000OSNH

L9¢ $s2001d d1[OqRIOW SPIOE OUTUY aseyjuLs apeydsoyd-jLoureqre) ISdD  9T8TTO00000DSNH

79¢ ¢1z uwyord pSuy HNRY €TZINY  1T8ELT00000OSNA
108
-mdaxd urejoxd 2100 uedA3oa301d ayeymns

8'Ge ssaooxd drjoqejowr prdr]  uereday  dywads-sueiquiow  Juswseq ZOdSH  86/TF100000OSNA
119V

Cagele 9PAd [@2 d1jojI|  aseuny urejoid-aursoid) aUL305U0-0j0I] 179V  200Z60000009OSNH
G/€/T/1 suojost

67¢ uoneZIULS3IO US04 ‘T 1030e] SUDUI[-SSOId UNOe-3[NqNIOIIA [IDVIN  €094CT00000DSNH

¥'ve CIRV SR RO A 9SeUD] PajRI0sse-0) UIPAD AVO  0968Z100000OSNH

6'ce uorjezIue3I0 U0IR[RS0ILD) T-urper, INTL 9Z0Z£T00000DSNH
AVNHY uio}

geg ssaoo1d [eyuswidorensa  -01d pajRIdOSSE-UOTIRTIUSISJIP JSL[OINSN] SNVNHY  ZF6FZ100000OSNH

0ee ssado1d drjoqeew prdry aseyjuLs poe A13eg NSVd  01469T00000DSNH

e UoneZIULSIO UOJI[S0IA) 6-UISOAIN 6HAW  SPE€00T00000DOSNA

[%]

‘bayy ar

dad ssadoxd auwreu [oquuAs uad

wno resrdoroiq Juod oua8 [qurasug

a3ed snoraaxd woiy panunuod - ¢°¢ d[qeL



157

3.3 Results

98ed jxau uo panunuod

8'ch uotsaype [0 zosmdaid gg-upnpy 4SON £8641100000OSNA
9'¢ UoNeZIUe3I0 UOJIPSOILD) 714V oseuny urdjord-aursoif], 719V TTEEFT00000OSNH
oe opedsed JurfeusIs Je[njEoesu] [ 9SeUD] UOISaYpE [e00] DILd  86£69100000OSNH
v yodsuen ursjord remypoenuy [ ureyp Aaeay utiyye[) DI1D  £9€T1FT00000OSNA
LTh uone[SURI],  ISEIPYRUAS VNR}-[AdeOUTIIR [PUOLOUNJIG S¥dd  8299€T00000OSNA
¥ oseuny eydye
vk uone[suel] -z 1030ej UOHEHIUL Uohe[suel} dpoireng PIVZdId  6288T100000OSNH
1'% uonjeande juswa[duwo)) 10s1nda1d ¢ yuawsdwo) GO $0890T100000DOSNH
10smodaxd 1
LT¥ ssa001d orjoqejowr uedASounuy  ureyd> Aaeay zopqryur ursdAn-eydre-rojug FHILI  SS6SS000000DSNH
vy opeosed SurreusIs re[n{RoRHU] 4L 9seuny Urejo1d-ouruoaiy /suLag IN4L S€££8T00000OSNA
I'Td areday VNA ALY oseuny urjord-suruoanyy /ouLIeg ALV $S0SLT00000OSNA
80 UoNeZIUe3I0 UOJI[PNS0ILD) uI[1J0K N €T0¥44  6LT8ET00000DSNH
i oPA> unmbiqn 7adan 2sedy ujord-unmbiqn ¢ PI4N  18%4T00000OSNA
0¥ apedsed JurfeusIs Je[njEoesu] ML seuny urajord-aursorAL, MI9  T1£901000000OSNH
L'6€ S[PAD [[o0 DO 6ON oseuny urjoid-suruoanyy /ouLIeg 6N  8€961100000OSNA
7'6¢ SISE)SOWDRH z0smdaxd ureyd eyde uagoutiqry VD4 09ST4100000DOSNH
6€ uoneZIURSIO UOJO[S0IA) -uuuy DINV  79€SP100000DSNH
1 oseuny
9'8¢ opeosed urfeudrs JenyEoenu]  dseupy aseuny uwjord pajeanoe-usSoIA IN¢dVIN  ST0S6000000OSNH
[%]
‘baxy dar
‘dod ssapoaxd aureu [oquuAs auag
“wnod resrdoroiq auad ouad [qurasug

a3ed snoraaxd woiy panunuod - ¢°¢ d[qeL



158

3.3 Results

aged jxau uo panunuod

08y zosmdaid ¢ urjord MI-SINVAY  CISINVAY — 8TT9ST00000OSNA
8LV 1€ ujoid 198uy dury L[E8INZ  €0ZYCT00000DSNH
SLy uonezue3Io uoR[ENs0IA) urajoxd Surioypue-pajeRI-ulngaN dVIN  €68£6100000OSNH
1dVO
€Ly apeosed Surreudrs remEoenu]  -Of uRjord SNI-uneAnde-aseD Sey IdvOOI  SLS0FT00000DSNH
(V474 sIsejsowse 10smda1d ureyp ejaq usSouriqry 94  ¥9STL100000DOSNH
8'9% 94> 92 O oseuny urejord axI-ToopM [daM  €8%99T00000DSNH
hEE!
S9% gpeodsed Jurfeudis temEoenu]  aseun| urjoid-aursoif) aUL80dU0-0301] N34 ZZHIST00000OSNA
i SISe}SOWar] z0s1mda1d T-utuqL INGd  £F199T00000OSNA
0'9% dpeodsed Jurfeudis renEdenu] uAT aseuny urvjoxd-aursoIAy, NAT  £0SZ¥100000OSNH
L'SY yodsuery TT-UIsoAN ITHAW  T6€£ST00000OSNH
1 urajoxd SururejUOd-UTeWOopP
Ssy apeoseo Surreusrs remEdenu]  6SJA pue ujord Suneanoe-aselo IAAdVD  617S9T00000OSNA
TSy apeosed urreusrs remEdenu] 6 urjoxd 1oypUe aseuny-y 6dVIV  $16£Z100000OSNA
67V 10dsuel, $952001D utejoxd paziiapereydun 7AIAM  ST88TI00000DSNH
9%y uorsaype [[2D 1-eydre usBefod  [VZITOD  66411100000OSNA
vy 324> [0 dSBONN urejord uor3az 19ysnpd jutodyyesig ¥Od  91£98T00000OSNA
't UoneZIULSIO UOJI[S0IA) 10smoa1d ur[os[en NSO 0818FL00000DSNA
[%]
‘baxy ar
dad ssadoxd auwreu [oquuAs uad
wno resrdoroiq Juod oua8 [qurasug

a3ed snoraaxd woiy panunuod - ¢°¢ d[qeL



159

3.3 Results

008 uoneZIuLSIO UOI[S0IL) OT-UISOAN OTHAW  920££100000OSNH

L6¥ opA>unmbiqn  $¢ ose[orpAY reurure}-[Axoqres ugmbiqn $€dSN  F9PSTI00000OSNH

g6b opeosed 3ureusIs ten[Eoenu] DIV [ @seuny ujord-sursordL DAV 89696000000OSNH

N4 sIse}sowor | 10smdaid 10308} pURIGI[IM UOA IMA  66£0T100000OSNH
1o0smdaxd g1

06 ssa001d drjoqeiow uedA[Sourwy  ureyd Laeay zopqmyur usdAn-eydre-rojug CHILI  SS9TSTO0000OSNH
10s1ndaxd T ursjoxd pajerar

8’8y ssado1d drjoqejow prdr]  -103deder  urejoxdody  Aysusp-mojoig IdYT  ¥$8EETT00000OSNA

g'8h opedsed Sureudis remyEdeRU] IV 9Seuny Ujo1d-suruosiy} /sutiog DRIVIN - 8152£000000OSNA
7 aseyeydsoyd-g

¢'8¥ uorsaype [[9)  oeydsoydsty-gp'g-fopsourApneydsoyg I'TddNI  8S¥S9T00000OSNH

(%]

‘baxy ar

dad ssadoxd auwreu [oquuAs uad

wno resrdoroiq Juod oua8 [qurasug

a3ed snoraaxd woiy panunuod - ¢°¢ d[qeL



3.3 Results 160

3.3.4.2 Functional spectrum of genes covered at different levels of pep-

tide redundancy

To identify potential biases introduced by the redundancy in peptide and
protein identification, the functional composition of gene sets at differ-
ent levels of peptide coverage was analysed. Protein-coding genes were
grouped into four sets: i) genes covered by the 50th percentile (P50) of
peptide records, ii) genes covered by peptide records between the 50th
and the 90th percentile (P50 — 90), iii) genes covered by peptide records
between the 90th to the 100th percentile (P90 — 100) and iv) genes without
peptide matches (P0). Genes were then categorised based on their associa-
tion with terms of the Gene Ontology (GO) molecular function ontology and
over- and under-representation of functional categories assessed based on
the hypergeometric P value of the observed term frequency.

Figure 3.11 shows the functional classification of genes at each level of cov-
erage. Shown is the distribution of genes across the ‘generic” Slim subset
of the GO molecular function ontology. Orange bars show the frequency of
protein-coding genes in Ensembl and purple bars the frequency of genes
in the respective set annotated with a given GO term. Bars to the right
show the log; ratio of the term frequencies in the gene set and Ensembl.
The ratio of significantly over-represented terms are shown in green and
the ratio of significantly under-represented terms in red. The significance
threshold was established for each set by controlling the false discovery
rate (FDR) at 0.01%.

The functional categorisation of the 85 genes contributing half of all pep-
tide records discussed in the previous section (3.3.4.1) already suggested
an enrichment of cytoskeletal and cytoskeleton associated proteins as well
as kinases in the P50 gene set. The Gene Ontology analysis of the P50 set
showed that the enrichment of the respective categories - actin binding,
structural molcule activity, cytoskelal protein binding, transferase activity,
kinase activity, protein kinase activity, enzyme regulator activity - is in-
deed statistically significant. Significantly under-represented on the other

hand were genes encoding nucleic acid binding proteins including tran-
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scription factors, as well as functional categories associated with trans-

membrane proteins such as receptor and transporter activity.

The biases observed in the P50 gene set were largely found in the P50 — 90
set as well. Though structural molecules were no longer significantly en-
riched; however, cytoskeleton associated proteins still were. Furthermore,
the under-representation of nucleic acid binding proteins per se was no
longer significant. However, transcription factors were still significantly

under-represented.

Of all four gene sets the functional composition of the P90 — 100 frac-
tion was least biased and came closest to the overall composition of the
protein-coding genome, though genes with receptor activity were still
under-represented as were genes encoding receptor binding proteins.

The functional categorisation of the PO gene set showed that the unde-
tected part of the protein-coding genome is enriched in functions under-
represented in the covered part. This includes genes involved in transcrip-
tion regulation, transmembrane receptors and receptor binding proteins.

3.3.4.3 Transcript expression of genes covered at different levels of re-
dundancy

The analysis of the Human Proteome Organisation (HUPO) Brain Pro-
teome Project (BPP) dataset showed that frequently identified proteins
tend to be encoded by mRNAs with higher expression levels. To verify
if this observation also holds true on a global level mRNA expression lev-
els from the GNF Atlas of Gene Expression were examined for the four
gene sets identified at different levels of redundancy. The box plots in fig-
ure 3.12 summarise the distribution of median expression values across all
tissues and cell lines in the GNF Expression Atlas for genes in the respec-

tive sets.

Compared to all transcripts interrogated in the GNF Atlas (red) the sub-
set mappable to Ensembl protein-coding genes (blue) showed slightly in-
creased expression values. The overall distribution of expression values of

Ensembl genes matched by tryptic peptides from PRIDE or HuPA (green)
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was similar to that of Ensembl protein-coding genes in general with a
slight shift towards higher expression levels observable. Although the
median expression level of genes in the P50 set (purple) was equal to that
of the distribution of covered genes (green), the frequency of genes with
higher expression values was increased. This trend was continued in the
P50 — 90 set (orange) which showed the clearest shift towards higher ex-
pression levels. Expression levels fell again in the P90 — 100 set (yellow)
and were lowest in the uncovered set of genes (brown) which showed a

distribution very similar to the overall distribution of the GNF dataset.

Similar to the observations in the analysis of the HUPO BPP dataset fre-
quently identified proteins tended to be encoded by genes with higher
expression levels. The correlation was not quite as clear as for the HUPO
BPP data, probably because the comparison here was based on the median
expression across all tissues, and expression levels show a high tissue-
dependent variance. In case of the HUPO BPP dataset, on the other hand,
the expression data was filtered for a specific tissue.
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peptide observation frequency vs. mRNA expression
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Figure 3.12: Transcript expression levels of genes covered at different lev-
els of peptide redundancy. The box plots summarise the distribution of
median expression values across all tissues and cell lines in the GNF Atlas
of Gene Expression for genes in the respective set. GNF = all transcripts
interrogated in the GNF atlas, Ensembl = Ensembl protein-coding genes, P
= all genes matched by at least one tryptic peptide from PRIDE or HuPA,
P50/P50 — 90/ P90 — 100 = genes covered by the respective percentiles of
peptide records (see section 3.3.4.1), PO = genes without peptide matches.
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3.4 Discussion

3.41 Concordance of expression evidence for protein-
coding genes obtained from different public pro-

teomics resources

The comparison of peptide data available from four major public
proteomics repositories showed that despite similar numbers of non-
redundant peptide sequences contained in the databases, the overall over-
lap of sequence information is relatively small. Several factors could ex-
plain the complementary nature of peptide information. Firstly, peptide
identifications in the different databases were made based on data gen-
erated by different experimental approaches in various different sample
types, with limited overlap in sample origins and approaches between
the databases. Genes and isoforms expressed vary across different tissues
and thus the potentially observable peptides. Likewise, which peptide
of a protein is observed depends on the ionisation method and MS tech-
nology used. Secondly, the limited reproducibility of mass spectrometry
experiments per se, due to the stochastic variability of peptide observabil-
ity, could be responsible for the differences in peptide information con-
tained in each database. Thirdly, different algorithms were used for spec-
tral matching which each have their biases. Furthermore, a comparison
based directly on peptide sequence identity might be too stringent a simi-
larity measure as the same sequence region of a protein might emit differ-
ent proteolytic peptides resulting from missed cleavage or truncation of
peptides. The latter point was addressed by assessing the database over-
lap based on theoretical tryptic peptides covered by observed fully tryptic
peptide sequences, thereby “normalising” the data with regard to prote-
olytic heterogeneity. Although the relative overlap increased, the overall
agreement remained with 12% still relatively low.

These results illustrate the need for an integration of available proteomics

data to reach the full potential of proteomics information in the pub-
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lic domain. This is of particular importance when it comes to achiev-
ing the goal that PeptideAtlas and gpmDB have set out to accomplish:
the identification of proteotypic peptide reporters and selected reaction
monitoring (SRM) signatures for targeted proteomics, based on empirical
data [376, 53, 380, 381]. Currently no single resource contains sufficient
data to achieve coverage of the empirical proteotypic peptide space any-
where close to that achieved by all databases combined, and the computa-
tional prediction of such peptides [339] has proved challenging [382].

Efficient integration of proteomics data generated around the world will
be of particular importance if a systematic and coordinated effort to map
the human proteome is not realised and information generated in a decen-

tralised way has to be exploited effectively.

3.4.2 The use of mass spectrometry proteomics data for

genome annotation

Cleavage products of trypsin normally observed in proteomics experi-
ments are fully tryptic [54] and peptides with tryptic termini are the most
abundant components of proteolytic digests with trypsin [55]. Further-
more, database searches often penalise non-tryptic cleavage, resulting in
higher probabilities being assigned to fully tryptic peptides. This results in
an under-representation of non-tryptic peptides in databases even if sam-
ples might contain a high number of unspecifically cleaved peptides emit-
ted from highly abundant proteins. The peptide population analysed here
also predominantly contained peptides with tryptic termini and only fully
tryptic peptide evidence was considered for the analysis of confirmatory

evidence for genome annotation.

Because of the high stringency of trypsin specificity it has been suggested
previously that only fully tryptic peptides should be used for protein iden-
tification [54]. The results obtained here show that doing so does not com-
promise gene or protein coverage to a significant extent. This is true for
both specific as well as degenerate peptide evidence.
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Compared to the peptide level, the overlap between the databases in-
creases on gene and protein level with almost a third of all genes cov-
ered by gene-specific peptide evidence from all four databases. This ob-
servation is consistent with previous results showing that proteomics ex-
periments become more comparable on the level of protein identifica-
tions [383]. This makes sense, as the heterogeneity in proteotypic pep-
tide observations resulting from different sample types, technologies and

search algorithms is “normalised” on protein and gene level.

The fact that individual databases provided peptide evidence not found
in any other database for a quarter of all identified genes yet again under-
lines the synergistic effect of combining data from different resources. A
similar effect was observable on the level of protein-specific peptides, i.e.
peptides that match exactly one protein in the proteome (as opposed to
gene-specific peptides matching only protein products of one gene). While
peptides found in all four databases could unambiguously identify a mere
7% of all protein sequences, the combined set of specific peptides covers
more than 31% of the proteome. The coverage of unambiguous expression
evidence is even more remarkable if the absence of unique tryptic pep-
tides for around 20% of all protein sequences is taken into account. The
combined coverage of the uniquely identifiable proteome then amounts
to 41%.

In comparison to the UniProtKB statistics, the analysis of genome cover-
age provided a slightly more optimistic estimate of expression evidence
for protein-coding genes on protein level, yielding an additional 15% of
covered genes. It has to be taken into account, however, that the analysis
presented here considered all available peptide data without applying a
quality filter. The "protein existence” annotation provided by UniProtKB
on the other hand, is the result of a stringent manual curation process.

The high coverage of the protein-coding genome by peptide evidence
highlights the considerable progress MS based proteomics has made since
an earlier systematic analysis of peptide data in the context of the human

genome [149]. Yet, the results also underline the shortcomings of current
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MS proteomics data with regard to genome and proteome annotation go-
ing beyond the pure verification of a gene being translated into a protein
product. Fine-grained evidence for gene models is relatively sparse, and
genes with full exon and splice event coverage tend to have relatively
simple gene models. Only a handful of alternatively spliced genes had
confirmatory evidence on the isoform level. Furthermore, the analysed
peptide data was, apart from one example, devoid of confirmatory evi-
dence for coding SNPs. On nucleotide level SNP information has been
obtained by mining sequence databases [384], demonstrating that the in-
formation is contained in the primary databases. In theory this informa-
tion should be carried through to protein sequence databases, however,
in practice most databases of CDS translations used for spectrum identi-
tication seem to be homogenised regarding sequence variation as a result
of redundancy removal which suppresses small variations. IPI, for exam-
ple, clusters sequences at 95% sequence similarity and contains one rep-
resentative master entry for each sequence cluster. Other databases, like
NCBInr, group sequence entries only if they are 100% identical and could
thus potentially harbour SNP variants. However, such databases are not
commonly used in proteomics because the increased database size results
in an increased run-time of identification programmes and can negatively
influence the statistical significance a search engine assigns to an identi-
fication. EST databases have been used to overcome the limitations of
protein sequence databases regarding isoforms [385, 386, 387], however,
protein sequence searching remains the predominant method of spectrum
identification in proteomics. An alternative strategy is the enrichmment of
protein sequence databases with SNP information. This solution has been
implemented in the MSIPI database, a modified version of IPI that con-
tains protein sequences elongated with additional peptides for the iden-
tification not only of coding SNPs but also N-terminal signal and transit
sequences [388].
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3.4.3 Biases in the functional spectrum of mass spectrome-

try proteomics data

The small proportion of the protein-coding genome covered by 90% of all
identified peptides emphasises the extent of the problem caused by the re-
dundancy of peptide identifications. Frequently identified proteins tend
to be highly and ubiquitously expressed and often already well charac-
terised proteins. Mostly these proteins are involved in the organisation of
the cytoskeleton and in basic metabolism.

Depletion of highly expressed proteins is one solution to overcome the
masking of low-abundance proteins and is routinely used in proteomic
analyses of plasma, which shows a particularly large dynamic range [389,
390]. Given the available information on identification redundancy and
the relatively small group of proteins emitting the majority of repeatedly
identified peptides, a similar approach should be applicable to other sam-
ple types. This assumes the availability of the required affinity reagents.
Efforts to systematically generate antibodies for human proteins are un-
derway [391, 231] and antibodies have been produced already for a con-
siderable proportion of human proteins [392]. Still, there are caveats to a
depletion approach. One problem is the potential co-precipitation of un-
targeted proteins that bind to the depleted proteins [352]. Furthermore,
once the first sequence of highly abundant proteins is removed the next
series of most abundant proteins will cause similar problems for the de-

tection of low abundance proteins [390].

While abundance is one reason for the biases in the functional spectrum
of proteomics data, another important determinant are the physicochem-
ical properties of proteins associated with certain functions. This is the
case in particular for transmembrane receptors and transcription factors.
Standard proteomics approaches select against both classes because of
their hydrophobic or basic character. In these cases strategies tailored to

the respective protein classes are required and have already been estab-
lished [393, 394].
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Another strategy to overcome biases of current MS based proteomics is
the use of targeted approaches for peptide identification. Currently most
proteomics experiments are based on data-dependent acquisition, which
selects peptides for fragmentation based on precursor ion intensity. In tar-
geted approaches based on SRM the targeted peptides are detected specif-
ically by isolating precursors with predefined m/z ratios and monitor-
ing the occurence of specific precursor-product-ion combinations uniquely
identifying the targeted peptide. Targeted MS based approaches based on
SRM will be the subject of the next chapter.

Eventually it will probably be a combination of improved sample prepa-
ration techniques and more targeted approaches for peptide identification
that will help to overcome current biases in MS based proteomics. For
proteomics experiments in general this is essential to achieve a higher
coverage of proteins important for the understanding of the specific sys-
tem, phenotype or pathology under study. For the systematic mapping
of the human proteome overcoming current shortcomings is required to
achieve the necessary resolution and coverage for a fine-grained annota-
tion of genes and gene models based on experimental evidence at protein
level. The latter in turn provides the basis for robust targeted identification
of proteins, as verified gene models will be a requirement for the selection

of suitable peptide reporters.

3.4.4 Conclusions and perspectives

The results presented in this chapter reflect on a global level the trends
observed on study level in the analysis of the HUPO BPP dataset. Cur-
rent mass spectrometry proteomics data is highly redundant as a result of
the predominant identification of abundant proteins and selection against
proteins with certain physicochemical properties. As a result proteomics
datasets are biased in their functional composition and offer limited pep-
tide coverage on the gene model and SNP level. This emphasises the
need for a systematic effort to map human proteins using targeted MS
approaches that can specifically identify those peptides crucial for confir-
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mation of gene models and coding SNPs on the protein level. Addition-
ally, this approach can also deliver expression evidence for genes that are

currently without experimental evidence on the protein level.

This also touches on the topic of whether a HPP, and proteomics in gen-
eral, should be gene- or protein-centric [374]. The discussion surrounding
this topic seems to confuse the question of whether the proteome should
be studied on protein, transcript or genome level, with the question of
whether proteomics data should be analysed in the context of the genome
sequence. MS based proteomics by definition is protein-centric since mea-
surements are made on protein level. Nonetheless, experimental design
and a meaningful interpretation of the results also have to take into ac-
count the genomic context.

Genomic context matters if the proteome is to be studied systematically
on a large scale. The target selection for splice event verification, for ex-
ample, requires knowledge of transcript models. The same applies to the
identification of isoform specific peptide reporters.

Genomic context should also play an important part in the interpretation
of any MS proteomics experiments in general and in particular in eukary-
otic systems that exhibit a high level of alternative splicing. The majority
of studies report minimal explanatory sets of proteins for the observed
peptide evidence. The results presented here show that currently the ma-
jority of alternative isoforms cannot be resolved based on the identified
peptides. Therefore, if different isoforms of an alternatively spliced gene
share the same peptide evidence, it is often the case that the isoforms re-
ported as identified have been selected based on criteria not necessarily
biologically meaningfull such as their annotation status or length. How-
ever, given the insufficient resolution of splice isoforms, a more appropri-
ate approach for the time being might be an interpretation of the results
on the gene level.

Gene level interpretation of results neglects, of course, the domain modu-
larity of genes and the functional differences as well as the tissue depen-
dent expression of splice isoforms. However, gene-centric interpretation
of the results does not falsely assume a granularity on isoform level that is
not backed by experimental evidence.
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Finally, using the annotated genome sequence as a reference for the sys-
tematic mapping of the proteome makes sense, as it provides a natural
coordinate system for protein level data. Genome annotation pipelines
use many lines of evidence to delineate the protein-coding genome, result-
ing in a more robust estimation of the protein sequence space. Agreeing
on one reference sequence space should also help to overcome, at least to
some extent the “Bable” of proteomics resulting from the heterogeneity of
sequence databases used for protein identification. Using the annotated
genome sequence as a reference would eliminate the confusion caused
by different levels of redundancy and coverage in the different databases.
Although, the problem of propagating data across different versions of

genome assembly and annotation would still remain.

So the answer to the question of whether proteomics should be gene or
protein-centric should be that it necessarily has to be both, not least if in-
formation from the genome project is to be utilised effectively in the future.
Given the poor resolving power of current MS proteomics approaches,
however, a gene-centric interpretation of results is probably more appror-

iate at this time.



Chapter 4

Conquering uncharted territory:
estimation of the scope and
selectivity of a targeted
proteomics strategy based on

combinatorial proteolysis

4.1 Introduction

Shotgun or bottom-up proteomics is one of the most powerful and widely
used mass spectrometry (MS) based proteomics approaches to analyse
complex mixtures of proteins. A protein sample prepared from a biolog-
ical source is digested with a protease, commonly trypsin. The resulting
peptide mixture is then separated by liquid chromatography, the peptides
ionised and analysed by tandem mass spectrometry. First, a mass spec-
trum of peptide or precursor ions is recorded and the most abundant pre-
cursor ions are selected individually for fragmentation. Then a mass spec-
trum of the resulting fragment or product ions is recorded which is used
to obtain peptide sequence information.

173
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Despite considerable technological and methodological advances in recent
years, the complexity and dynamic range of proteomes still pose major
challenges to the global analysis of protein expression by shotgun pro-
teomics. Firstly, selection of precursor ions for fragmentation based on
peak intensity, referred to as data-dependent acquisition, results in a bias
towards peptides of highly abundant proteins and poor sensitivity for pe-
tides of proteins with low expression levels. The impact of this bias on
the composition of proteomics datasets has been discussed in detail in the
preceeding chapters. Secondly, the automated selection of precursor ions
leads to inconsistent reproducibility of peptide identifications by shotgun
proteomics. Thirdly, for any given protein only a small number of pro-
teolytic peptides are repeatedly and consistently identified [339]. Often,
however, these so-called proteotypic peptides are degenerate peptides, i.e.
peptides that match more then one protein sequence - usually different
isoforms of the same gene - and are thus not suitable for unambiguous
protein identification [382]. Again this has been elucidated in the previous
chapters.

These shortcomings led to the emergence of more targeted proteomics
strategies. Instead of globally profiling the expression of all proteins in
a sample, only a defined set of proteins of interest is monitored [41]. This
is achieved through the targeted detection of protein-specific peptide re-
porters by selected reaction monitoring (SRM), a highly specific and sen-
sitive mass spectrometry method. A mass-spectrometer, typically a triple-
quadropole instrument, run in SRM mode will monitor the occurance of
precursor ions with specific m/z values defined in an inclusion list. The
detection of a monitored mass will trigger the fragmentation of the re-
spective precursor. The resulting product ions are in turn monitored for
the occurance of a specific product ion m/z value. The combination of
precursor and product ion m/z values is referred to as a transition, and
one or a combination of several transitions can uniquely identify a certain

peptide sequence.
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It has been demonstrated that the detection of sequence specific proteo-
typic peptides by SRM improves the detection of those protein classes
that are under-sampled in shotgun proteomics experiments [395] and en-
ables more accurate quantification of homologous proteins [396]. SRM
has been employed successfully to detect proteins with high sensitiv-
ity in plasma [397, 92], monitor sites of post-translational modification
[398, 399, 93, 400, 401] and quantify biomarkers [402, 403].

Although SRM is still not widely used, the promise of the technology is
being recognised by the proteomics community, and tools to support the
design and management of SRM experiments are becoming available [380,
381, 404, 405].

Starting from a list of target proteins, the design of an SRM experi-
ment involves the establishment of a set of suitable peptide reporters that
uniquely identify the respective protein sequences and are detectable by
MS. Observable fragment ions that discriminate the targeted peptide from
the background of isobaric peptides present in the sample must then be
identified for each reporter peptide.

Designing SRM transitions is a heuristic process that is laborious and time
consuming. Empirical data on the proteotypic character and fragmenta-
tion of peptides in proteomics repositories can be used to help stream-
line the process [380, 381, 404]. However, as shown in the previous chap-
ter the proteome coverage of such data is limited in particular with re-
gard to sequence specific peptides. Algorithms to computationally pre-
dict proteotypic peptides based on empirical data have been published
[339, 406, 407]. Yet, for a large number of proteins, no proteotypic pep-
tides could be predicted [339]. Furthermore, a comparison of predicted
and experimentally observed peptides suggests a limited performance of
such predictions [382]. This emphasises the need for unbiased methods
to identify candidate peptide reporters and transitions to facilitate the dis-

covery and experimental validation of SRM transitions.

Apart from transition design, another factor impacting upon the suc-

cess of targeted proteomics approaches is the availability of specific pep-
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tide reporters for the targeted set of proteins. Traditionally, peptides de-
tected in MS based proteomics experiments are generated by proteolysis
with trypsin. Trypsin is the protease of choice in proteomics experiments
firstly because of its high specificity [55, 54], and secondly because cleav-
age products carry basic residues (lysine or arginine) at the carboxy (C)-
terminal end which is advantageous for peptide sequencing based on col-
lision induced dissociation (CID). However, as pointed out in chapter 3,
trypsin fails to generate sequence-specific peptides for around 20% of all
proteins encoded in the human genome, limiting the scope of targeted
proteomics approaches.

It has been demonstrated that the use of proteases other than trypsin has
beneficial effects on protein identification. Combining peptide identifi-
cations from complementary peptide populations generated by multiple
proteases increases the number of peptides detectable by tandem MS, re-
sulting in a significant increase in sequence coverage [59, 408, 409, 58, 410,
411, 57]. Diversification of the peptide population by combinatorial prote-
olysis could thus be a suitable strategy to increase the number of proteo-
typic peptide reporters detectable by mass spectrometry.

In this chapter the performance of a tryptic digest in generating a pep-
tide population beneficial for the unambiguous identification of proteins
in a targeted proteomics experiment is compared to that of a combina-
torial strategy. Different combinations of proteases are scored based on a
cost-benefit analysis that takes into account the complexity of the resulting
peptide mixtures and the proteome coverage by sequence-specific peptide
reporters. Finally, the detectability of peptide reporters in the generated
mixture by SRM is estimated by an exhaustive search of theoretical spec-
tra for minimal sets of candidate transitions to unambiguously identify

targeted peptides against the background of isobaric peptides.
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4,2 Materials & methods

4.2.1 Protein sequences

Translations of protein-coding transcripts of Ensembl (release 45) were
obtained in FASTA format from the Ensembl file transfer protocol
(FTP) server (ftp://ftp.ensembl.org/pub/release-45/homo_sapiens_45_
36g/data/fasta/pep/Homo_sapiens.NCBI36.45.pep.all.fa.gz). =~ A non-
redundent sequence database was constructed by grouping entries with
identical amino acid sequence resulting from translations of coding se-

quences encoding the same amino acid sequence.

4.2.2 In silico proteolytic digest

DBToolkit (version 3.5.4) [378] was used to in silico digest the non-
redundent FASTA sequence database with the proteases Arg-C, Lys-C,
V8 (V8D/VS8DE), pepsin A, and trypsin, not allowing for missed cleav-
ages. Table 4.1 lists the protease cleavage site definitions used. Note that
the specificity of the V8 protease is dependend on the presence/absence
of phosphate. In digestion buffers that contain phosphate the protease
cleaves after glutamic and aspartic acid (VSDE). In the absence of phos-

phate the protease is specific to glutamic acid (V8E) residues.

Table 4.1: Protease cleavage site definitions. The proteases all cleave C-
terminal of the specified residue(s) (cleaved) if not followed by a restrict-
ing residue (restricts).

protease cleaved restricts

Trypsin KR P
Pepsin A EL -
Arg-C R P
Lys-C K P
VSE EZ P
V8DE B,D,E,Z P



ftp://ftp.ensembl.org/pub/release-45/homo_sapiens_45_36g/data/fasta/pep/Homo_sapiens.NCBI36.45.pep.all.fa.gz
ftp://ftp.ensembl.org/pub/release-45/homo_sapiens_45_36g/data/fasta/pep/Homo_sapiens.NCBI36.45.pep.all.fa.gz
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4.2.3 Algorithm to determine combinations of SRM transi-

tions uniquely identifying a targeted peptide

The algorithm used to identify combinations of product ion peaks in the
spectrum of targeted peptides that uniquely identify a peptide against a
background of isobaric peptides in a peptide population generated by a

given protease is summarised by the pseudo code in algorithm 1.

Algorithm 1 Pseudo-code explaining the algorithm used to search product
ion spectra for peak combinations uniquely identifying a target peptide
against a background of isobaric peptides

a := mass tolerance

for all target peptides t do
create empty set of target product ion combinations Cg «+ @
calculate target precursor ion mass-to-charge ratio MZ (precursor;)

select set of background peptides B; with each background peptide b € B;
having |MZ(precursor;) — MZ(precursory)| <2-a

for all combinations C; of product ions product, ..., product, € target spec-
trum s; do

select set of background peptides B,
excluded by product ion combination C;
with each excluded background peptide spectrum s, +a 2 C;+a

if B, = B; then
add combination C; to target product ion combinations Cg
end if

end for

end for

For a given target peptide the set of background peptides is calculated by
selecting all background peptides with mass-to-charge ratios overlapping
with that of the target peptide, given a specified mass tolerance and a set
of allowed precursor ion charge states.
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The product ion spectrum of the targeted peptide is then searched for
product ion combinations that are not found in any of the background
peptide spectra, given the specified mass tolerance and the allowed prod-
uct ion charge states. Which product ion types are considered is user
defined. By default y—ions of the target peptide spectrum are searched
against a background of y— and b—ions.

Starting with the smallest combination size the algorithm iterates over all
possible combinations of target product ions of a given size until either
the first unique combination is found or all unique combinations of that
size are found, which depends on the user defined settings. If no unique
combination is found the combination size is incremented and the search
repeated. This procedure is repeated until either one or more unique com-

binations or all combinations have been tested.

The search for unique target product ion combinations is performed on
an m x n ‘exclusion” matrix that is calculated for each target peptide and
the respective background peptides. Figure 4.1 illustrates the calculation
of the matrix. The number of rows m of the matrix equals the number of
background peptides, and the number of columns n of the matrix equals
the number of target product ions considered in the search. A cell a;; of
the matrix has a value of 1 if the spectrum s; of background peptide i is
excluded by the target product ion j. This means the spectrum of back-
ground peptide i does not contain a product ion with an m/z value that
overlaps with that of target product ion j given the mass tolerance and

allowed product ion charge states.

For each combination of target product ions that is tested for exclusion of
background spectra, an exclusion vector for the respective matrix columns
is calculated containing the maximum row values of the sub-matrix (see
figure 4.2). If the sum of vector values equals the number of background
peptides, the combination excludes all background peptides and the com-

bination is added to the set of excluding product ion combinations.
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Figure 4.1: Identification of signature transitions: calculation of the exclu-
sion matrix. Hypothetical example illustrating the calculation of an ex-
clusion matrix for a target product ion spectrum and a set of background
product ion spectra of isobaric peptides.

4.2.4 Calculation of peptide, precursor and product ion

masses

The theoretical molecular mass Mp of a neutral peptide P with 7, amino
acid residues was calculated using equation 4.1 where A; is the monoiso-
topic residue mass of the neutral amino acid at position i, N is the molec-
ular mass of the neutral amino (N)-terminal group and C the mass of the
neutral carboxy (C)-terminal group.

Mg
Mp=M(P)=N+) A;+C 4.1)
i=0
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Figure 4.2: Identification of signature transitions: finding product ion
combinations exclusive to the targeted peptide. For each product ion com-
bination an exclusion vector of the respective matrix columns is calculated
containing the maximum value of each row of the sub-matrix. The sum
of vector values equals the number of background ion spectra for target
product ion combinations that exclude all background spectra.

Molecular masses Mr of neutral peptide fragmentation products F were
calculated using the formulae in table 4.2 where N is the molecular mass
of the neutral N-terminal group and C the mass of the neutral C-terminal
group and Mp is the molecular mass of the neutral amino acid residues
and M(x) the molecular mass of molecule group x.

The theoretical mass-to-charge ratio Rp of an ionised peptide P with

charge z was calculated according to equation 4.2 where Mp is the
monoisotopic mass of hydrogen.
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Table 4.2: Formulae for the calculation of neutral product ion masses.

4.2.5

fragmentation product type neutral molecular mass Mp

a N + Mp — M(CHO)
a* a — M(NH;)

a° a — M(H,O)

b N+ Mp — M(H)
b* b— M(NHs)

b° b — M(H,0)

C N + Mp + M(NHy)
X C+ Mp+ M(CO) — M(H)
y C+ Mp+ M(H)
v y — M(NHs)

y° y — M(H0)

Z C—i—Mp—M(NHz)

_Mp-I-Z-MH
Z

Rp

and modified amino acid residues

4.2)

Molecular masses of elements, amino acid residues

Tables 4.3, 4.4 and 4.5 list the molecular masses of elements, amino acid

residues and modified amino acid residues that were used in all calcula-

tions.

Table 4.3: Monoisotopic element masses.

element symbol monoisotopic element mass [Da]
Hydrogen H 1.0078
Carbon C 12.0000
Nitrogen N 14.0031
Oxygen O 15.9949
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Table 4.4: Monoisotopic amino acid masses.

amino acid one-letter code monoisotopic residue mass [Da]
Alanine A 71.0371
Arginine R 156.1011
Asparagine N 114.0429
Aspartic acid D 115.0269
Cystein C 103.0092
Glutamine Q 128.0586
Glutamic acid E 129.0426
Glycine G 57.0215
Histidine H 137.0589
Isoleucine I 113.0841
Leucine L 113.0841
Lysine K 128.0950
Methionine M 131.0405
Phenylalanine F 147.0684
Proline P 97.0528
Serine S 87.0320
Threonine T 101.0477
Tryptophan 14 186.0793
Tyrosine Y 163.0633
Valine \% 99.0684

Table 4.5: Monoisotopic masses of modified amino acid residues.

modification monoisotopic residue mass [Da]

MetO 147.0354
MetO, 163.0303
CysO3 135.0990

TrpO, 218.0691
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4.3 Results

4.3.1 Coverage of the proteome by non-degenerate prote-

olytic signature peptides
4.3.1.1 Degeneracy of tryptic peptides

The most informative peptides with regard to protein identification in an
MS based proteomics experiment are those that can originate from exactly
one protein sequence (given the proteome model). These peptides will
be refered to as signature peptides in the following, thereby distinguishing
them from proteotypic peptides which are peptides frequently observed
across MS based proteomics experiments for a given protein but are not
necessarily required to be unique to exactly one protein isoform. Trypsin
is the most commonly used protease in MS based proteomics. To assess
the performance of trypsin regarding the generation of signature peptides
for unambiguous protein identification, the proteome-wide degeneracy of
tryptic peptides was analysed based on an in silico digest of human pro-
tein sequences. Here, the proteome is defined as the set of non-redundant

protein sequences in Ensembl.

Proteolysis of the 38644 non-redundant protein sequences in Ensembl re-
sulted in 622688 distinct peptide sequences with masses in the optimal
performance range of MS between 600 - 4000 Dalton (Da). Figure 4.3 A
gives an overview of the degeneracy of the peptide population generated
by trypsin. The bar plot shows that 56.9% of tryptic peptides were unique
across the Ensembl protein set, while the remaining peptides could origi-

nate from two or more proteins.

4.3.1.2 Sources of peptide degeneracy

In principle there are two sources of peptide degeneracy: i) intra-gene se-
quence similarity, i.e. the peptide originates from a stretch of amino acid
sequence encoded by an exon that is part of more than one isoform of
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Figure 4.3: Comparison of peptide populations generated by a tryptic
and a combinatorial proteolytic digests in terms of peptide degeneracy
and proteome/genome coverage by signature peptides. A) Degeneracy
of peptides generated by trypsin. The degeneracy of a peptide is given
by the number of protein sequences it maps to. The Bar height shows
the frequency of peptide sequences at each level of degeneracy. The shad-
ing indicates the proprotion of peptides originating from alternatively and
non-alternatively spliced genes. B) Coverage of the proteome and genome
by tryptic signature peptides (degeneracy = 1). Green areas show the pro-
portion of protein sequences and genes covered. Purple areas show the
proportion not covered. The different shadings distinguish alternatively
and non-alternatively spliced protein products and genes respectively C)
Degeneracy of peptides generated by a parallel digest with the five pro-
teases trypsin, pepsin A, Lys-C, Arg-C and V8 (V8D /V8DE). D) Coverage
of the proteome and genome by peptides generated by the protease com-
bination. alt. = alternatively.
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an alternatively spliced gene, or ii) inter-gene sequence similarity, i.e. the
peptide originates from a stretch of amino acid sequence that is part of
the coding region of more than one gene as a result of sequence homology

between conserved domains or gene families.

Around 50% of protein-coding Ensembl genes (10043) encode alternative
protein products. The shading of the bars in figure 4.3 A shows the
proportion of peptides originating from alternatively spliced and non-
alternatively spliced genes at each level of degeneracy. The majority of
degenerate peptides were emitted by proteins encoded by alternatively
spliced genes, indicating that intra-gene sequence similaritry between pro-
tein isoforms is the largest contributer to peptide degeneracy. That this is
indeed the case is shown in figure 4.4: more than 90% of degenerate pep-
tides were the result of intra-gene similarity between protein isoforms,
while only a relatively small proportion of peptides mapped to protein
products encoded by different genes. Some peptides were degenerate

across both protein isoforms as well as genes.

4.3.1.3 Proteome and genome coverage of tryptic signature peptides

Figure 4.3 B shows the fractions of the proteome and genome covered by
tryptic signature peptides respectively. As the green areas of the pie chart
show, sequences of 81.7% of all Ensembl protein entries emitted at least
one signature peptide when digested with trypsin. Of those protein entries
which did not have a unique tryptic peptide (purple and pink areas), 96%
were the product of alternatively spliced genes (purple areas). On genome
level a peptide is considered a signature peptide if it can unambiguously
detect the expression of a particular gene, i.e. the peptide matches only
protein products encoded by exactly one gene. The peptide population
generated by trypsin contained 587754 signature peptides uniquely iden-
tifying 94.2% of protein-coding genes in Ensembl.
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Figure 4.4: Source of peptide degeneracy. The bar plot shows the pro-
portions of degenerate tryptic peptides resulting from inter-gene sequence
similarity between splice isoforms and intra-gene sequence similarity, for
example between homologous genes.

4.3.1.4 Proteome and genome coverage of signature peptides generated
by a combination of proteases

Figures 4.3 B shows that the use of trypsin left 18.3% of the proteome and
5.8% of the genome inaccessible to unambiguous identification by shot-
gun proteomics approaches due to the absence of signature peptides. To
test the hypothesis that the coverage of the proteome by signature pep-
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tides could be increased through the diversification of the analysed pep-
tide mixture by using a combination of different proteases, the degeneracy
of a peptide population generated by an in silico digest with five proteases
was analysed. In addition to trypsin, four other proteases routinely em-
ployed in mass spectrometry experiments were used, namely pepsin A,
Arg-C, Lys-C, and V8. The specificity of V8 can be modulated by adding
phosphate to the digestion buffer. In presence of phosphate V8 cleaves
C-terminal of both glutamic and aspartic acid (VS8DE). In the absence of
phosphate cleavage occurs only after glutamic acid (V8E).

The principle of the proposed combinatorial approach is illustrated again
in figure 4.5. The protein sample is split into equal aliquots which are
each subjected to proteolysis with a different protease in parallel. After
completion of the digest the samples are combined and the resulting pool
of complementary peptide populations is analysed by MS.

protein S
sample

proteolytic
digest
i P

e o)
PepsinA  LysC Arg-C VBE

I

peptide $ o
mixture Yy

Figure 4.5: Diversification of peptide populations by parallel combinato-
rial proteolysis. The protein sample is split into equal aliquots each di-
gested with a different protease to create complementary peptide popula-
tions which are subsequently pooled for mass spectrometric analysis.

The peptide population generated by the five proteases trypsin, pepsin A,
Arg-C, Lys-C, V8 (VBDE and V8D) contained 2519972 distinct peptides of
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which 1430278 (56.8%) were unique signature peptides on protein level
(see figure 4.3 C); a proportion very similar to that generated by trypsin
alone. However, the fraction of the proteome identified by these peptides
was 90.7% which equals an 11% increase in proteome coverage compared
to trypsin alone (see figure 4.3 D). Coverage of splice isoforms increased
by 16% , from 53.2% to 61.7%, meaning that an additional 6200 isoforms
were resolved by signature peptides (dark green area). Coverage of the
non-alternatively spliced proteome increased slightly from 28.5% to 29.0%.

On genome level the increase in coverage was not quite as dramatic as
on proteome level. Compared to trypsin signature peptides were present
for an additional 196 genes corresponding to a 1% increase. The biggest

increased was observed for non-alternatively spliced genes.

4.3.1.5 Cost-benefit analysis of different protease combinations

Comparing the total number of peptides generated by trypsin and the
combinatorial approach shows that the increase in proteome coverage by
signature peptides comes at the cost of significantly increasing the com-
plexity of the resuting peptide mixture. To identify the protease combi-
nation with the best trade-off between the increase in coverage and the
increase in complexity a cost-benefit analysis of different protease combi-

nations was carried out. The results are summarised in figure 4.6.

The top plot shows the proteome coverage by signature peptides for each
of the 63 possible combinations of the six protease activities Lys-C, Arg-
C, pepsin A, trypsin, V8D and V8DE. The relative frequency of signature
peptides in the peptide mixture is plotted below, followed by the increase
in complexity compared to a tryptic digest. Here, complexity is defined
as the number of distinct theoretical peptide sequences in the mass range
600 - 4000 Da generated by an in silico digest with the respective protease
combination. Each combination was scored by calculating the benefit-cost
ratio of coverage increase Ac (given by the difference between the cov-
erage of a the respective combination c.,,,;, and that of trypsin ctp) and
complexity increase iy (measured as x-fold complexity of the tryptic pep-
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tide mixture). The bottom-most plot shows the benefit-cost score which
corresponds to the Ac /iy ratio scaled to values between 0 and 1. The plots
are ordered along the x-axis in ascending order of the combination indices
shown in the table on the right. Combination indices are shown as the
bottom x-axis labels. Combinations are grouped by size, with the groups
separated by dotted lines. The combination size in each group is indicated
by the numbers at the top of the plot. Dashed horizontal lines mark the
value for the tryptic peptide population in the respective plot.

The cost-benefit analysis showed that the increase in proteome coverage
by 10.9% compared to trypsin, achieved when all six proteases are com-
bined, came at the cost of a five-fold increase in sample complexity. It
also revealed that the highest proteome and genome coverage was not
achieved when all six protease activities were combined, but by the com-
bination of the five protease activities Lys-C, Arg-C, pepsin A, V8DE and
V8E. Signature peptides were generated for 39260 proteins, ten proteins
more than with all six proteases, at a lower complexity increase of only
four-fold.

Figure 4.6 also shows that the increase in coverage started to level off rel-
atively quickly at a combination size of two. Combinining trypsin and
pepsin A already resulted in an 8.4% increase in proteome coverage at a
complexity increase of 2.1-fold. Adding a third protease, either V8 cleav-
ing after glutamic acid (V8D) or V8 cleaving after glutamic and aspartic
acid (V8DE), resulted in a further improvement to a 10.2% increase, which
was already very close to the maximally achievable coverage increase of
10.9 %; however, the complexity increased by only 2.8- and 3.1-fold, re-
spectively.

Based on the benefit-cost score calculated for each protease combination
the peptide population generated by the three proteases Lys-C, Arg-C and
V8E achieved the best trade-off between signature peptide coverage and
complexity. Table 4.6 gives details of the highest scoring combinations for
each combination size. It shows that the benefit-cost ratio droped for com-

binations of more than three proteases, while the gain in coverage was
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only marginal. This is explained by the fact that the specificity of the two
proteases VSDE and trypsin overlaps with that of other proteases already
in the combination. While trypsin combines the specificity of Arg-C and
Lys-C, V8DE shares a cleavage site with V8D and recognises an additional
amino acid residue (see table 4.1). These proteases generate shorter pep-
tides which are subsets of peptides already in the mixture. As they can
only be of the same or lower specificity than the longer peptides they are
subsets of, these peptides do not contribute to the signature peptide cov-
erage and only increase the complexity of the mixture.

4.3.1.6 Sequence coverage by signature peptides for different protease

combinations

Combining proteases increased the number of proteins emitting signature
peptides. It also increased the absolute number of signature peptides.
However, this does not affect the probability of observing a signature pep-
tide as the relative proportion of signature peptides stays more or less the
same across combinations. Yet, a higher sequence coverage by signature
peptides might have a positive impact on the signature peptide detectabil-
ity as it increases the chance of generating a signature peptide from a se-
quence region that is likely to produce peptides observable by mass spec-

trometry.

The histograms in figure 4.7 show the sequence coverage of tryptic sig-
nature peptides in comparison to those generated by the highest scoring

protease combinations in table 4.6.

Sequence coverage by signature peptides increased with the number of
proteases used. Using all six proteases in combination resulted in a 32-fold
increase of sequences with a coverage >95%. The protease combination
with the highest cost-benefit score {Lys-C, Arg-C, V8E} still achieved a
15% increase of such protein sequences.

Plotting coverage seperately for proteins translated from alternatively

spliced and non-alternatively spliced transcripts shows that the biggest
proportion of proteins with more than 95% coverage was largely con-
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Table 4.6: Protease combinations with the highest cost-benefit score. For
each combination size the protease combination with the highest cost-
benefit score on proteome level is shown. Complexity x is defined as the
number of unique peptides in the mass range 600 - 4000 Da generated by
a protease combination. Complexity increase i, is measured as fold com-
plexity x4, of the peptide mixture generated by an in silico tryptic digest,
coverage increase Ac is given by the difference between the coverage of a
the respective combination ¢, and that of trypsin cy,p. The benefit-cost
ratio is given by the coverage increase Ac normalised by the increase in
complexity iy.

protease  signature complexity proteome complexity coverage benefit

combi- peptide coverage increase increase cost

nation frequency ratio
X c iy Ac Ac/iy

[%] [x10° %] Dxxgpl (%] [%]
peptides]

Pepsin A 56.69 0.7 83.44 1.1 2.13 1.87

Lys-C 56.66 1.1 87.74 1.7 7.38 4.33

Pepsin A

Lys-C 57.26 1.2 88.31 1.9 8.08 434

Arg-C

V8E

Lys-C 57.04 1.9 90.46 3.0 10.71 3.57

Arg-C

V8E

Pepsin A

Lys-C 51.61 2.5 90.67 4.0 10.97 2.74

Arg-C

V8E

V8DE

Pepsin A

Lys-C 45.95 31 90.65 5.0 10.94 2.19

Arg-C

V8E

V8DE

Pepsin A

Trypsin
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Figure 4.7: Sequence coverage by signature peptides for different protease
combinations. The histograms show relative sequence coverage by sig-
nature peptides on the x-axis vs protein frequency on the y-axis for i) the
whole proteome (p), ii) translations of alternatively spliced transcripts (as),
iii) and translations of non-alternatively spliced transcripts (nas). Cover-
age is plotted for trypsin and the combinations 1 = {pepsin A}, 2 = {Lys-C,
pepsin A}, 3 = {Arg-C, Lys-C, V8E}, 4 = {Lys-C, Arg-C, V8E, pepsin A},
5 ={Lys-C, Arg-C, V8E, pepsin A, V8DE}, 6 = {Lys-C, Arg-C, V8E, pepsin
A, V8DE, trypsin}.

tributed by genes with only one translation. However, there was also a
clear increase of sequence coverage for products of alternatively spliced

genes.

4.3.2 Detectability of signature peptides by selected reac-

tion monitoring

Combinatorial proteolysis provides a means to increase the sensitivity of
targeted proteomics experiments through the generation of signature pep-
tides for unambiguous identification of proteins that do not emit such pep-

tides when digested with trypsin.

The second step in a targeted proteomics workflow is the selective iden-
tification of such peptides by SRM. To investigate the feasability of se-
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lectively detecting signature peptides generated by the highest scoring
protease combination {Arg-C, Lys-C, VSE} by SRM, theoretical product
ion spectra were searched for peak combinations in the signature peptide
spectrum unique to the targeted peptide, against the spectra of isobaric
background peptides. See section 4.2.3 for details of the search algorithm.
Since the identified product ion combinations could be used as a basis for
the development of specific SRM transitions they are referred to as candi-
date signature transition sets in the following.

Figure 4.8 shows an example of a candidate signature transition set for the
peptide ETSMVHELNR. The transition set consists of three y-ions whose
combination is unique to the spectrum of the targeted peptide at the cho-
sen mass tolerance of £1m/z for both precursor and product ions. The
set of y3-, y4- and ye-ion uniquely identifies the target spectrum against
the background y- and b-ion spectra of isobaric peptides. Peak locations
of the approximately 3000 background spectra are shown as green and
pink dots, with each horizontal line representing one background spec-
trum. The blow-ups of the mass tolerance window (grey shaded area)
around the signature product ions shown below illustrate that the major-
ity of background spectra do not contain any of the three products. The
~250 spectra that do have product ions falling within the respective mass
tolerance windows are excluded by the combination of ions.

4.3.2.1 Estimation of signature peptide detectability in an unmodified
peptide population

The results of an exhaustive search of all signature peptide y—ion spec-
tra against a background of b- and y-ions assuming a mass tolerance of
+1m/z, a precursor ion charge of z = 42 and a product ion charge of

z = +1 are summarised in figure 4.9.

The mass distribution of unmodified signature (dashed line) and total pep-
tides (continuous line) generated by the protease combination {Arg-C,
Lys-C, V8E} is shown by the green curves in the top left corner of fig-
ure 4.9 A. Similarly to a tryptic peptide population the peptide frequency
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Figure 4.8: Candidate signature transition example. The top plot shows
the theoretical y-ion sepctrum for peptide ETSMVHELNR (disregarding
peak intensities). The three product ions making up the signature transi-
tion set are shown as continuous lines. The combination of y3-, y4- and
Ye-ion is unique to the spectrum of the peptide against the spectra of iso-
baric peptides. Green and pink dots show m/z values of the product ions
of the ~3000 background peptides whose precursor m/z values overlap
with the target peptide given a mass tolerance of =1m/z. Each horizontal
line represents one background spectrum. The plots at the bottom show
blow-ups of the mass tolerance window around each signature product

ion (grey area).
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peaks at around 1000 Da and decreases steadily for higher peptide masses.
The convergence of the two curves shows that the relative frequency of

signature peptides increases with peptide mass.

The distribution of candidate signature transition set sizes across peptide
masses is shown by the box plot underneath. Peptides without a unique
product ion combination and peptides with signature transition sets con-
sisting of more than three product ions were mostly found in the lower
mass range between 600 - 1500 Da. Firstly, these peptides are short and
therefore less likely to have a unique combination of product ions. Sec-
ondly, the background for these peptides is more densely populated. Pep-
tides in the mass range between ~1500 to ~3500 Da were mostly iden-
tifiable by candidate signature transition sets consisting of one to three
product ions.

The bar plot in the lower right corner shows the frequency of signature
peptides for the respective signature transition set size. Around 10% of
signature peptides (all in the mass range <1000 Da) did not have a unique
product ion combination. The majority of peptides (~75%) had unique

combinations consisting of no more than three product ions.

Figure 4.9 B shows the proportion of protein sequences that emitted a sig-
nature peptide identifiable by a signature transition set of a given size.
Signature peptides that feature a candidate signature transition set cov-
ered 99.8% of all proteins emitting a signature peptide when digested with
the protease combination {Lys-C, Arg-C, V8E}. The large majority of cov-
ered proteins (98.6%) had at least one candidate signature transition set

composed of no more than three product ion peaks.

4.3.2.2 Estimation of signature peptide detectability allowing for vari-
able modification of methionine residues

Oxidation of methionine residues to methionine sulphoxide is a common
protein modification occurring as an artifact of sample handling, e.g. pu-
rification or separation [412]. Methionine oxidation is a variable modifi-

cation producing completely or partially oxidised peptides, resulting in a
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Figure 4.9: Signature transition set sizes and proteome coverage of sig-
nature transition sets for peptides generated by combinatorial proteolysis
with Arg-C, Lys-C and V8D. A) The step plot shows the mass distribution
of signature and background peptides, the box plot shows the distribu-
tion of signature transition set sizes across peptide masses, and the barplot
shows the frequency of signature peptides identifiable by signature tran-
sitions of a given set size. B) Bar plot showing the proportion of protein
sequences covered by signature transition sets of a given size. The shaded
area represents protein products encoded by alternatively spliced genes.
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series of peaks in the product ion spectrum that differ by 16 Da. Since
this considerably increases the background against which a targeted pep-
tide would have to be identified, targeted detectablility of signature pep-
tides was assessed by searching for candidate signature transition sets in a
peptide population generated by { Arg-C, Lys-C, V8E} exposed to variable
methionine oxidatised.

The respective search results are shown in orange in figure 4.9. Due to
the variable nature of the modification, the number of different peptide
species to be taken into account in the search increased by 44%. The mass
distribution plot shows that this negatively affected the relative frequency
of signature peptides in general and neutralised the positive effect higher
peptide masses have on the signature-to-background-peptide ratio. The
result was a shift of signature transition frequencies towards higher set
sizes: the number of peptides identifiable by two product ions decreasesd
while the number of peptides that require three, four or five product ions
for unique identification increased. The proportion of signature peptides
without any unique combination stayed the same. On protein level this
translated into a drop of proteins identifiable by signature transition sets
of size two and an increase in proteins identifiable by signature transition
sets consisting of three product ions.

4.3.2.3 The effect of performic acid oxidation on the detection of signa-
ture peptides

Performic acid oxidation is a classic chemical modification of proteins
resulting in static oxidation of methionine, cysteine and tryptophane to
MetO,, CysO3 and TrpO, [413]. To check if “force-oxidising” the pro-
tein sample, and thereby fixing residue modification, could antagonise the
negative effect of variable methionine oxidation on signature peptide de-
tectability, the search was repeated with statically oxidised methione, cys-

teine, and tryptophane residues.

The results of the search are shown in purple in figure 4.9. They suggest
that performic acid oxidation does not only counter the negative effect of
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methionine oxidation but that it can restore the detectibility of signature
peptides even above the level estimated for the unmodified sample. This
is the result of i) fixing the modifications and ii) expanding the peptide
mass distribution by introducing additional O atoms, resulting in a higher

number of unique precursor and product ion masses [414].

4.4 Discussion

4.4.1 Increasing the scope of targeted proteomics by com-

binatorial proteolysis

Combining MS identifications from complementary peptide populations
generated by different proteases has been employed previously to increase
sequence coverage [57, 410, 58]. Here the applicablility of combinatorial
proteolysis to the disambiguation of protein identifications, a key fea-
ture of emerging targeted proteomics approaches, was investigated. To
this end proteolytic peptides generated by parallel combinatorial prote-
olysis were analysed in the context of the annotated genome. Using the
genome as reference space (rather than a non-redundandent protein se-
quence databases) to analyse proteomics data makes sense as i) the pro-
teome as defined by the annotated genome represents an equitable trade-
off between comprehensiveness and stringency, and ii) it enables a gene-
centric view of proteomics data important, for example, for an evaluation
of splice isoform resolution.

As discussed in the preceeding chapters, the latter is limited in current
proteomics experiments. The in silico analysis presented here shows that
even in an ideal scenario, where every peptide is equally likely to be ob-
served, resolution on protein sequence level would be compromised in
the context of current proteomics protocols due to the absence of unique
tryptic peptides for a significant proportion of protein products. These
unresolved proteins are mostly isoforms of alternatively spliced genes.

The results presented here demonstrate that this limitation can be over-
come to a large extent by combinatorial proteolysis. Two to three proteases
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are sufficient to achieve a significant improvement in proteome coverage
by signature peptides and a considerable increase in the coverage of splice
isoforms. The advantage of combinatorial proteolysis over tryptic digests
regarding isoform resolution is of particular significance in light of the im-
portance of alternative splicing for the study of gene function in health and
disease, as well as in the context of a systematic effort to map the human
proteome.

The cost-benefit analysis identified a combination of three proteases that
markedly increased proteome coverage by signature peptides at a rela-
tively modest increase in complexity of the peptide mixture. Notably, this
combination contains the proteases Arg-C and Lys-C, each enzyme having
a restriction site in common with trypsin. Thus, the resulting peptides will
contain a basic residue at the C-terminus advantaguous for sequencing by
CID, a major reason for trypsin being the protease of choice in MS based
protoemics. While retaining the beneficial CID properties of trypsin, cleav-
ing proteins at arginine and lysine residues in two separate digests results
in longer peptides which are more likely to have a unique sequence and
thus higher selectivity. This is the reason why the Arg-C, Lys-C combina-
tion results in a higher signature peptide coverage of the proteome, despite
having the same combined cleavage specificity as trypsin.

In addition to a higher absolute number of proteins emitting signature
peptides, combinatorial proteolysis was also shown to increase the se-
quence coverage by signature peptides. This could potentially positively
influence the detectability of signature peptides by generating signature
peptides from different regions of a protein, thereby increasing the chance
of producing peptides with physicochemical properties suitable for detec-
tion in a MS experiment. This has been shown previously in analyses of

membrane proteins by combinatorial approaches [57, 410].

4.4.2 Signature peptide detectability

Pooling of complementary peptide mixtures increases the complexity of
the analysed peptide sample in terms of the number of distinct peptide
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species in the mixture. However, the total number of peptides in the mix-
ture should not be affected significantly as peptides are generated from the
same amount of starting material used in a digest with a single protease.
In fact, the diversification of peptide sequences should result in a greater
spread of peptide masses and consequently elusion times of peptides in
the mixture. This could potentially reduce the effect of overshadowing of

less abundant peptides by highly abundant peptides.

In the context of targeted proteomics approaches, the complexity of the
peptide mixture should play a less important role anyway, as peptides
are selectively detected by SRM. SRM is up to two orders of magnitude
more sensitive than regular "full scan” modes of operation, and shows a
linear response in a dynamic range of up to five orders of magnitude. This
enables the detection of low-abundance peptides in highly complex mix-
tures [415].

The detectability of signature peptides by SRM was estimated in an ex-
haustive search of theoretical spectra for combinations of product ion
masses unique to the spectrum of the targeted peptide. Based on the in sil-
ico results, even at a very conservative choice of mass tolerance of £1m/z
for precursor and fragement ions, most signature peptides should be de-
tectable against the background of isobaric peptides generated by the pro-
teases Lys-C, Arg-C and V8E by monitoring no more than two to three
product ions.

The analysis was based on the theoretical peptide population resulting
from a digest of the entire proteome. In light of the fact that only a sub-
set of proteins and isoforms is actually expressed in any given tissue it is
likely that the results represent a pessimistic estimate of signature peptide
detectablity that can be considered as a baseline for experimental detection
of signature peptides by SRM.

In this context it should also be noted that two important factors affect-
ing background estimation were not taken into account in this analysis,
namely sequence variation arising from coding single nucleotide polymor-
phisms (cSNPs) and post-translational protein modifications. However,
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consideration of the former does not pose a major additional challenge to
the computational analysis, as the number of peptides affected by cSNPs
is, at less than 10%, relatively low. The latter is to some extend negligi-
ble, at least in studies where post-translational modifications are not the
focus, as the most common modifications such as phosphorylation and
glycosylation are often removed prior to the MS analysis to reduce sample
complexity.

The majority of signature peptides featuring unique transition sets fall in
the mass range between ~1500 - ~3500 Da which is optimal for detection
by MS. Again, this is a result of longer peptides having a higher num-
ber of possible product ion combinations and thus a higher likelihood of
producing a unique combination. Signature transition sets of peptides in
the mass range below 1500 Da mostly consisted of four to eight product
ions, which for short peptides is a large part of or even the entire spectrum

making these transitions less interesting for use in an SRM approach.

Finally, the results indicate that performic acid oxidation has an overall
beneficial effect on the detectability of signature peptides. Firstly, “force-
oxidising” methionine counters the negative effect on detectability caused
by variable methionine oxidation and the increase in complexity of the
background that comes along with it. Secondly, the oxidation leads to an
expansion of peptide masses resulting in less overlap of precursor as well
as product ion masses, which in turn leads to a decrease in the number of

transitions required to identify a peptide unambiguously.

4.4.3 Conclusions and perspectives

The analyses presented here addressed two issues frequently neglected
in current discussions of targeted proteomics approaches as a means to
overcome the shortcomings of shotgun proteomics regarding selectivity
and sensitivity: firstly, the scope of such approaches in the context of the
analysed peptide population and secondly, the information content of the
targeted peptide reporters in a given experimental context. Most current
efforts are centered around empirical information obtained from global
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proteomics approaches, and focus on the prediction of detectable peptides.
However, peptides detectable in untargeted experiments might not neces-
sarily be the most well performing in a targeted approach nor be the most

informative in the context of a given biological question.

The strategy presented here inverses the process of identifying suitable
peptides for the development of targeted proteomics experiments by first
maximising the number of candidate reporters available for targeted iden-
tification through combinatorial proteolysis followed by an estimation of
their information content in the context of a specific peptide population.
The resulting pool of informative peptides can then be mined to select
those peptides most suitable to address a specific question. Such an ap-
proach avoids disregarding highly selective and potentially highly respon-
sive reporter peptides on the basis of predictions obtained from models

trained on data generated by non-targeted, global proteomics approaches.

As currently available algorithms are trained on physicochemical prop-
erties of observed or highly observed peptides, biases in the predictions
are likely to creep in for several reasons. Firstly, not only physicochemi-
cal properties but also abundance plays an important role in the detection
of peptides by conventional proteomics approaches. Thus, predictions are
likely to be biased towards physicochemical properties of highly abundant
proteins which make up a large part of the data generated by shotgun
proteomics. Secondly, peptides from proteins “disadvantaged” in mass
spectrometry because of their physicochemical properties such as trans-
membrane proteins, are under-represented in the training data, resulting
in a reduced sensitivity of prediction algorithms for such protein classes.
Thirdly, an algorithm trained on peptide data generated in a different or-
ganism is biased because of differences in the amino acid composition of
proteins between species. Another limitation arising from the exclusive
use of empirical information to identify suitable SRM targets is the domi-
nance of tryptic peptide data, restricting predictions to experiments using

trypsin to generate peptides.

A potential drawback of the proposed reverse approach, on the other
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hand, is the significant increase in the number of candidate signature pep-
tides that need to be tested for the development of transitions. However,
in practice the number of peptides suitable to be reporter peptides can
be limited in targeted experiments by the selectivity requirements. For
instance, in case of alternatively spliced proteins only a relatively small
set of peptides will be available to discriminate between specific isoforms.
Furthermore, the evaluation of peptide information content carried out
here does not only take into account uniqueness of the peptide sequence
but also uniqueness of the transitions monitored by SRM. Information on
precursor and peptide redundancy allows a ranking of peptides based on
the level of specificity of precursor and product ion m/z values, prioritis-
ing those peptides with a lower background of isobaric precursor peptides

and highly descriminative product ion m/z combinations.

None of the work published to date accounts for the implications of pre-
cursor and product ion redundancy on SRM specificity, an issue recently
raised in a View-point article in the journal Proteomics [416]. Effectively the
analysis presented here is an evaluation of the minimal requirements for
unique peptide identification by combinations of multiple transitions as
proposed by the authors. It demonstrates that specific transition combina-
tions are available for the majority of signature pepides, even in complex
mixtures generated by multiple proteases. As the estimation is based on a
signature peptide having at least one unique transition set, and most pep-
tides have more than one such set, chances of the existence of a specific
product ion combination observable by MS are increased. Furthermore,
the relatively small size of minimal transitions sets leaves scope for an in-

crease in specificity by addition of further product ions if required.

The information on transition specificity made available by this study is
a valuable resource for the prediction of SRM transitions in the future. In
addition to the already discussed prioritisation based on discriminatory
performance, candidate transitions could be selected for experimental val-
idation based on their “flyability”, i.e. the ionization and/or detection effi-
ciencies of precursor and product ions. One way of scoring the flyability of
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candidate signature peptides is the application of empirical rules based on
the amino acid composition of the precursor peptide an approach taken by
the SRM transition design tool MRMaid [404] for example. Amino acids
with basic, positively charged amino acids like lysine, arginine, and histi-
dine are positively weighted as they favour fragmentation by CID [417].
Residues that are subject to post-translational modification like tyrosin,
serine, threonine (phosphorylation), cystein (carboxyamidomethylation)
or methionine (oxidation) on the other hand negatively influence the suit-
ability of signature peptide candidates as the mass shifts resulting from
modification increase the complexity of precursor and product ion spec-
tra [418]. Furthermore, it has been demonstrated that modified peptides
show different ionisation and/or detection properties from their unmodi-

tied counterparts [419].

In addition to the weighting based on amino acid content product ion com-
binations could be prioritised by integration of the results with predictions
of peptide fragmentation patterns [420, 123, 122, 421] and fragment inten-
sities [422].

Alternatively, observable product ion combinations can be determined ex-
perimentally using synthetic peptides. Ideally such efforts would eventu-
ally lead to the construction of publicly available libraries of experimen-
tally validated signature transition sets for use in targeted proteomics ex-

periments.



Chapter 5

Conclusion

51 Summary

Two decades of mass spectrometry based protein analysis and nearly a
decade of post-genome proteomics have demonstrated that mass spec-
trometry is a powerful and indispensable tool for the study of pro-
tein function at the systems level. Incremental methodological, techno-
logical and informatics advancements have led to significants improve-
ments in shotgun mass spectrometry. Increasing coordination of world-
wide proteomics efforts through organisations like the Human Proteome
Organisation (HUPO) enables the systematic large-scale collaborative
studies required to tackle the challenges involved in studying proteins on
a genome-wide scale.

In the first chapter we saw that collaboration adds value to large-scale
proteomics by increasing the scope of a study beyond what is achievable
by single laboratories or groups. However, the results also emphasised
the importance of study design and clearly defined endpoints to maximise
the gain of collaborative efforts with regard to what can be learned about
the technologies applied and, even more importantly, to better study the
biology of the system of interest. Another recurring theme in large-scale
proteomics studies, including the one discussed here, concerns problems
associated with the biases and heterogeneity introduced by technological
and methodological limitations.

207
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The different mass spectrometry approaches applied in the study dis-
cussed in the first chapter were indeed able to identify a significant num-
ber of proteins critical for the system under study, albeit at varying levels
of performance. Nevertheless, biases in the observed proteins resulted in
the under-representation or absence of important functional classes as well
as a limited resolution of isoforms. Chapter two showed that the trends
identified on a study level translate into similar biases on a global level,
and pointed out the extent of redundancy of mass spectrometry (MS) pro-
teomics data. A clear conclusion from this investigation is the requirement
for data exchange of the largely complementary results to unify informa-
tion currently scattered over many proteomics resources. Such a strategy
will increase the body of information that can be readily mined to improve
both data analysis as well as the development of predictive methods in MS

proteomics.

With the shortcomings of shotgun proteomics explored in detail in the first
two chapters, the third chapter was dedicated to the targeted proteomics
approaches that have increasingly captured the attention of the field. Two
issues important in targeted proteomics workflows were addressed. The
tirst of these was the availability of signature peptides to target a given
protein. The limitations of tryptic peptide populations with regard to pro-
teome coverage by signature peptides were demonstrated, in particular
with respect to alternative splice isoforms. The potential of a strategy
based on combinatorial proteolysis to overcome this constraint was anal-
ysed and found to be advantageous. The second issue derived from the
possibility of having precursor and product ion redundancies. Since the
ability to uniquely identify a peptide based on a limited number of tran-
sitions is critical to the selectivity of targeted proteomics experiments, the
feasibility of this approach was assessed on a genome-wide scale. Even
under the very conservative conditions chosen for the analysis, with con-
straints that underestimated the performance of current mass spectrom-
etry technology, the results indicate that targeted proteomics strategies
based on signature peptide reporters should be applicable to the majority

of protein sequences. The information on unique transition sets for each
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signature peptide obtained through the analysis should make a contribu-
tion towards the ability to monitor signature peptide reporters in complex

samples.

5.2 Outlook

With a Human Proteome Project (HPP) looming on the horizon, it is timely
for the proteomics community to critically review its strategies and learn
from the successes and failures of previous systematic efforts. Although a
massively large-scale project like the HPP might benefit from a centralised
organisational structure in which a few dedicated centres are leading the
way, proteomics as a whole can only thrive on a mix of competition and
collaboration rather than despotism. Regardless of the actual structure
of the project, a high level of coordination and clearly defined goals will
be central to the success of any future large-scale projects in proteomics.
Indeed, the problems that proteomics is struggling with today are in large

part the result of the proteome being a diffusely defined, moving target.

Although questioned by some, the benefits of a systematic mapping of hu-
man proteins are readily apparent. Indeed, although a systematic project
like the HPP might at first seem uninspiring and of little relevance to
basic research, it will be able to lay important foundations for future
hypothesis-driven proteomics research. Additionally, it will facilitate inte-

gration within the field as well as with other "'omics” disciplines.

On the technical side it is becoming increasingly clear that some limi-
tations of global proteomics approaches such as the high degree of re-
dundancy, limited reproducibility and the difficulty of resolving low
abundance proteins will be hard to overcome with shotgun approaches.
While high-fidelity technologies like Fourier transform (FT)-ion cyclotron
resonance (ICR) MS have greatly improved the accuracy of mass spec-
trometry, they cannot overcome the limitations relating to the complex-
ity and dynamic range of the analysed samples. Furthermore, these tech-

nologies are expensive and currently only accessible to a privileged few.
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Therefore, in the absence of any alternative technology for efficient protein
identification comparable in performance to mass spectrometry, the trend
towards targeted MS approaches is likely to continue. Not only are these
approaches based on more affordable technologies, but they also solve, to
a large extent, many of the limitations of global approaches. In particular
in hypothesis-driven research, which is often focused on a limited, defined
subset of the proteome, targeted workflows will probably enjoy increas-
ing popularity. Furthermore, the increasing availability of protein-specific
affinity reagents will allow for complementation of MS approaches by
early stage technologies like protein arrays.

Finally, in light of the fast emerging targeted strategies, the role of bioin-
formatics in MS proteomics is undergoing a paradigm shift. Present-day
proteomics bioinformatics is a tool primarily applied after the experiment
has been conducted, to make sense of the results. In targeted approaches,
however, bioinformatics will play a much more important role in up-front
study design to identify suitable targets. In doing so it will be vital to
effectively leverage information from genome sequences as well as from

empirical data.

Although annotating the human proteome may seem a daunting task,
rapid advancements in the available technologies, improved coordination
of global proteomics efforts and new experimental strategies, may still al-
low the goal to be achieved earlier than anticipated.
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