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Abstract

Bioinformatics of proteomic tandem mass spectra:

selection. characterization. and identification
by David L. Tabb
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Affiliate Professor Johin R. Yates. II1
Molecular Biotechnology

Professor Philip Green
Molecular Biotechnology

Tandem mass spectrometry is a powerful technology for proteomics. Quadrupole ion traps can
isolate ions of a particular peptide. fragment them through collision-induced dissociation, and cat-
alog the fragment ions in tandem mass spectra. Database search algorithms such as Mascot and
SEQUEST can then identfy the peptides represented by a collection of these spectra. These spectra.
however, have not been extensively characterized. leading to inaccuracies in the wavs these algo-
rithms model fragment ions. In this body of research, a new algorithm, “DTASelect,” was created
to summarize, filter, and compare the identifications produced by database search algorithms. The
extent and significance of spectral similarity in proteomic collections was explored. A set of weli-
identified peptides was statistically characterized to demonstrate the impact of peptide sequence on
fragmentation. This information led to the creation of a new fragmentation medel. which made pos-
sible o new algorithny, “GutenTag.” to identify peptides via an automated, accurate sequence tagging
approach. Taken together, this research shows that more accurate modeis of fragmentation can both

improve existing algorithms and make new classes of algorithms feasible.
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Chapter 1

INTRODUCTION TO PROTEOMIC TANDEM MASS SPECTROMETRY

1.1 Overview

Proteomics represents a rearrangement and augmentation of classical protein biochemistry . Where
traditional techniques have focused on a few proteins per analysis, proteomics attempts to conduct
the comprehensive analysis of complex protein mixtures. Proteomics could be defined as the sci-
ence of assessing the protein state for a complex, cell, or tissue under a particular set of conditions.
Depending on the techniques used, this may entail giving a catalog of proteins present |, character-
izing the post-translational modifications of those proteins 2, or evaluating their relative quantities 7.
Several technologies have been combined to yield this capacity. The general categories into which
these tools fall include protein separation, mass analysis, and spectral identification.

Because proteomics deals with more complex mixtures than most protein biochemistry expeti-
ments, the science relies more heavily upon the separation of components in protein mixtures. The
physical separation of proteins is usually conducted by two dimensional gel electrophoresis (2DGE)
* or through liquid chromatography (LC) 3. Denaturation and enyzmatic digestion are used in some
methodlologies to cleave the intact proteins into peptides. In these protocols, peptides are separated
rather than proteins. Sample handling prior to mass analysis is handled in Section 1.2.

Mass analysis has been the driving engine of proteomics. Essentially, the adaptation of mass
spectrometry to proteins has greatly increased the amount of data resulting from these experiments.
Euch mass spectrometer has three major elements: ion source, mass analyzer, and detector. Ion-
ization in proteomics is generally handled via matrix-assisted laser desorption ionization (MALDI)
¢ or electrospray ioninization (ESI) 7. Mass analysis is typically managed through time-of-flight
(TOF)® or quadrupole analyzers °. A detector records the ion current resulting from ions exiting the

analyzer. Because the experiments reported in this research were ali the resuit of ESI quadrupole
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ion trap tandem mass spectrometry, these technologies will be emphasized in this introduction.
Mass spectrometry produces proteomic data, but proteomic information requires that the data
be interpreted. Spectral analysis has been managed through several software packages. First, mass
spectrometry is conducted via instrument control software; this control impacts which spectra will
be produced and how they will be represented in files. When tandem mass spectrometry has been
employed, the spectra must be extracted from the instrument capture files, filtered, and assigned to
particular precursor ion charge states. Then the peptides may be identified, typically by sequence
database search algorithms. Section 1.4 describes the handling of data afier its production in the

tandem mass spectrometer.

1.2 Sample separation

Proteins can vary widely in mass, hydrophobicity, structure, and other characteristics. As a result,
many techniques have evolved for separating them '°. The primary techniques used for proteomics
are gel-based separations and liquid chromatography separations. In this section, the use of gel
separations for proteomics are first considered, and then a powerful two-dimensional liquid chro-
matography separation technique is described. These techniques can separate proteins or peptides

such that particular portions of a sample can be analyzed independently of the rest.

1.2.1  Gel-based proteomic protocol

Gel separations are common experiments for evaluating the components of protein complexes. Early
proteomics efforts were grafted onto existing gel-separation technologies, such as in Lawrence et
al’s discovery of a regulatory factor of Insulin-like Growth Factor '!. The protocol for gel-based
proteomics experiments begins with the denaturation of proteins. The proteins are separated by one
or two-dimensional gei electrophoresis, and bands or spots containing proteins of interest are cut
from the gel. Disulfide bridges are reduced and alklyated, and proteolytic enzymes cleave proteins
to peptides. These peptides are separated by reversed-phase liquid chromatography en route to a
tandem imass spectrometer (see Figure 1.1).

Gel electrophoresis is a standard technique for separating proteins [2_ Typically, the proteins are

first denatured by a detergent such as SDS. In one-dimensional electrophoresis, they are separated
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by size by their sedimentation velocities through polyacrylamide. Because proteins contain different
amino acid residues, the pH values at which they are neutral (called the isoelectric point) differ. In
two-dimensional gel electrophoresis. the proteins are separated by size in one dimension and by
isoelectric focusing in another. Such gels have been shown effective for resolving up to 10.000
proteins in a single experiment.

The positions of proteins are marked by applying a dye to the gel . Coomassie blue dve is
widely used but only highlights proteins for which at least 30-30 ng are present (this represents a
best-case scenario). Silver staining. on the other hand. can mark positions for proteins of which at
least | ng are present. Fluorescent dyes have roughly the same sensitivity as silver staining but may
be more easily removed. Once proteins have been separated and positions are marked. gel bands
(for ID gels) or spots (for 2D gels) can be excised for extraction.

Protein tertiary structures may be maintained by disulfide cross-links between cysteine residues.
Reduction of these bridges by dithiothreitol or TCEP can break these links. allowing the protein
to be fully denatured. Subsequent alkylation by iodoacetamide blocks off the cvsteine side chains
and adds 57 Da to their masses. This protocol is useful when the proteins are to be digested to
peptides: by breaking the disulfide bonds. reduction and alkylation prevents pairs of peptides from
being linked together.

Several enzymatic digestions of proteins are available . The most commonly used protocol
in proteomics is the trypsin digest. This enzyme, which cleaves proteins after arginine and lysine
residues. is available in a form bound to beads for removal from the sampie after the digest. EndoK-
C has the same cleavage specificity as trypsin, but shows better efficiency in the presence of urea
and other denaturants. and use of the enzyme increases experiment cost. Alternative enzymatic
cleavages may increase the diversity of peptides produced: subiilisin, elastase, themolysin. and
proteinase K can be employed to create peptides covering different portions of a protein sequence.

These digestions yield peptides which can be separated en route to the mass spectrometer by
reversed-phase liquid chromatography 3. In the experiments reported herein, fused silica capillaries
with inner diameters of 100 microns were pulled to form tips with inner diameters of 5 microns.
These columns were then loaded with 5 micron C!8-coated beads. and the sample’s peptides were
loaded into the column under pressure. A gradient of increasingly hydrophobic solvents was used

to elute the peptides progressively from the column into the mass spectrometer.



This protocol can be effective, but many disadvantages prevent it from being an optimal pro-
teomics strategy. First. gel electrophoresis may fail to retain proteins of extreme pl. motecular
weight, or hydrophobicity. Proteins of low concentration may fail to be selected for removal from
the gel if the staining technique is of insufticient sensitivity, Cutting gel bands or spots is a te-
dious process for which automation has only recently become available. Some reagents for gel
electrophoresis of proteins are not compatible with mass spectrometry. On the other hand. these

techniques enable existing separation methodologies to be used for proteomic analvses.

1.2.2 MudPIT

A technigue created in the Yates Lab attempts to automate separation and overcome the limitations
of gel electrophoresis. The essential modifications in the multidimensional protein identification
("MudPIT"} experiment are that proteins are reduced. alkylated, and digested to peptides prior to
separation and that separation takes place via two-dimensional liquid chromatography rather than
vel electrophoresis '°. The resulting technique automates the analysis of even very complex samples
{such as celludar lysates). See Figure 1.2 for an overview.

The MudPIT separation uses a biphasic column which elutes directly into a mass spectrometer,
The first separation uses strong cation exchange (SCX) material to separate peptides by their charges
at acidic pH. The second separation employs hydrephobic C18 material for a reversed phase (RP)
eradient. MudPIT separations proceed in cycles: for each salt concentration in the SCX separation.

a separaie RP separation is conducted, As sample complexities increase, larger numbers of cycles

can be employed.

In a typical MudPIT separation. twelve cycles might be conducted. The peptides are loaded into
the biphasic column. and the peptides which initially passed through the SCX material and into the
RP material are eluted during the first cycle of the MudPIT. For subsequent cycles, a few minutes’
flow of a specified percentage of ammonium acetate moves a subset of the peptides from the SCX
material to the RP material. This subset of peptides is then eluted via an acetonitrile gradient. The
salinity for each cvcle increases throughout the MudPIT. For example. these percentages of 500 mM
ammoenium acetate were used for separating the proteins of a rat hippocampus (see Chapter 5): 0%.

10%. 15%. 20%, 25%, 30%. 35%, 40%. 45%. 50%. 60%. and 100%. A linear gradient would yield
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better separation than this type of step gradient, but the intent of the SCX is to segregate the peptides
into aliquots for reversed phase separation rather than resolve them in a single dimension,

MudPIT separations help to automate separations for proteomics experiments, Their key ad-
vantage is that the efuent from the coltmn flows directly into the mass spectrometer, obviating the
need for tedious excision of gel bands or spots. In the next section. the fate of eluting peptides is

examined in detail as they move through the mass spectrometer.

1.3 Mass analysis

The use of mass spectrometry for proteomics vields much more detailed information than does a 2D
gel image or UV trace from reversed phase liquid chromatography. If intact proteins are analyzed,
mass spectrometry can give the molecular weights of the proteins to high precision. Peptides. on
the other hand. can be subsequently fragmented to reveal primary structure. Only tandem mass

spectrometry of peptides will be addressed in this treatement since the other techniques were not

used for the described research.

1.3.1 ESI/MS/MS

Proteins and peptides were not obvious candidates for mass spectrometry due to their high masses
relative to other compounds. The first challenge of proteomic mass spectrometry was to introduce
protein or peptide ions to the vaccuum of a mass spectrometer. John Fenn solved this problem by use
of the electrospray ionization (EST) technique 7. Direct injection or liquid chromatography elutes
proteins directly into an electrospray source. where a high voltage is applied, causing the proteins
to separate from each other into smaller and smaller droplets. Pressure and voltage differences then
force the charged proteins into the mass analvzer.

The most common type of mass analyzer paired with ESI is the quadrapole ¥, The waditional
format of a quadrupole is four linear electrodes arranged in a square to form a channel down which
ions fly (see Figure 1.3, but a remrangement of the electrodes to form the quadrupole ion trap (see
Figure 1.4) can lend extra versatility to the mass analyzer ', In either case. the way in which voltage

is applied to the electrodes controls which ions are stabilized and which are destabilized in the area

among the electrodes.
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Figure 1.3: In wriple quadrupole CID. mixed peptide ions enter the first quadrupole (Q1) from the
ion source. In Q1. peptide ions of a particular sequence are retained while others are filtered out. In
Q2. the peptide ions are energized by collision with gas molecules, causing them to fragment. Q3 is

emploved to scan through the mass range. cataloging the produced fragment ions in a tandem mass
spectrum.

Figure {.4: The hyperbolic cross-section of the quadrupole is repeated for the ion trap. but in three
dimensions rather than two. The left and right electrodes shown above are part of a single “ring™
clectrode. while the top and bottom electrodes are electrically paired but separate “endcap™ elec-
trodes. In quadrupole ion trap CID, mixed peptide ions enter the trap. but only the selected peptide’s
1ons are retained. Once enough ions are present. the trap energizes the ions, causing them to col-

lide with gas molecules and dissociate. The trap then scans through the produced fragment ions to
produee the tandem mass spectrum.



In the traditional quadrupole, a tandem mass analyzer consists of three sets of four electrodes—a
triple quadrupole. Collision induced dissociation (CID) selects a particular peptide passing through
the first quadrupole by m/z ratio. fragments the peptide in the second quadrupole. and scans the
fragment ions in the third quadrupole. In this way, a triple quadrupole separates the processes of
tandem mass spectrometry in space,

A quadrupole ion trap mass analyzer uses the same set of electrodes for all three processes. First,
the trap collects ions of the selected peptide. Next, energy is applied to the peptide ions to cause
them to oscillate more rapidly. resulting in more energetic collisions with the noble gas filling the
trap and thus fragmentation of the peptide. Finally, the fragment ions resulting from fragmentation
are ejected from the trap in order of m/z ratio to constitute the tandem mass spectrom. The three

steps of CID are separated in space for triple quadrupoles but by time in quadrupole ion traps.

1.3.2  Collision induced dissociation

Since CID plays such a key role in the research presented here. a closer examination is warranted.
While many aspects of these reactions are poorly understood. the basics have been established
through experiments spanning the last two decades. The key actors in CID are the surplus pro-
tons on each peptide ion and the energy applied through collisions witlh noble gas molecules.
Typically. proteomic samples are acidified before separation. resulting in positive charges for
peptices. The added proton is most likely to be found at a site of high proton affinity or basicity.
Among the amino acids, the side chains of arginine, lvsine, and histidine show the greatest gas-phase
basicity. with arginine the most basic of the three *°. In addition. the N-terminus of the peptide may
play host to protons. Because trypsin is commonly used to digest proteins in proteomic protocols,
generated peptides often possess C-terminal arginine or lysine residues. which can retain one proton,
Additional protons may be solvated among other side chains or at the N-terminus of the peptide.
The energy applied to peptide precursor ions in ion trap CID accelerates their motions within the
trap. Noble gas molecules are always present in the trap at low pressure, but at normal energies the
peptide collisions with them do not cause fragmentation. When energy is applied in CID, though,
these collisions substantially increase the internal energy of the peptides, causing them to adopt

unusual conformations and causing the additional protons to sample less accomodating locations



within the peptides (as explained in the Mobile Proton Model of peptide fragmentation ).

If a proton comes to rest near the oxygen of a peptide bond carbonyl, it may draw the bond
electrons toward the oxygen, leaving the carbon partially positively charged (see Figure 1.5). In
some cases, the preceding carbonyl’s oxygen may attack the partially positive carbon, forming an
unstable intermediate centering on a ring structure. This ion then breaks. generally forming one of
three possibilities: an N-terminal b ion and a neutral leaving group, a C-terminal ¥ ion and a neutral
leaving group, or both & and y ions. Ion formation depends upon the number of protons carried by
the precursor ion and where they are located; in the resolution of the intermediate structure, protons
may transfer from one part to another. Typically, the & ion adopts an oxazolone structure. The v
ion, however. generally adopts the linear structure of an ordinary peptide. Once a precursor ion
has dissociated, its fragments are no longer energized by ion trap CID, which targets a narrow m/z
range.

In some cases, alternate mechanisms are at work in forming fragment tons. If a peptide carries
only one additional proton and it is immobilized at an arginine side chain, aspartic acid’s side chain
may attack its carbonyl to produce a dominant cleavage . If proline is present in a peptide’s
sequence, cleavage may occur dominantly to its N-terminus but almost never to its C-terminus >,
The chemical diversity of peptides implies a diverse chemistry for their fragmentation. In addition,
fragment ions may subsequently fragment: b ions in particular are unstable and may lose carbon
monoxide to form « ions.

In the final analysis, mass spectrometry of peptides meshes chemical processes (CID) with phys-
ical processes (mass analysis) to yield spectra giving structural information for peptides. The data
produced. however, require analysis to give proteomic information. In the next section, we ¢xamine

how the tandem mass spectrum can be identified.

L4 Spectral analysis

Initially, tandem mass spectra were matched to peptide sequences manuaily >*. In contemporary
usage, the path from spectrum to identification is managed by several algorithms. The first stage of
this process is the acquisition of the spectra via the instrument control software. Next, the tandem

mass spectra are separated from the other data and preprocessed by utility programs. Finally, the
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spectra are identified, usually by a database search algorithm such as SEQUEST =, An examination

of each of these steps reveals many areas of active research.

{40 Instrument controel software

The configuration of the software coniroling the mass spectrometer and pumps can affect the data
produced in many ways. It can determine the gradient used in the liquid chromatography and thus
which peptides are eluted when. It determines which peptides will be selected for fragmentation.
This software controls the amount of energy applied to accelerate the peptides to begin CID. It sets
the number of times each peptide’s CID is repeated to be averaged for each spectrum. Importantly,
the instrument control software handles data export to other software. A first-rate mass spectrom-
eter can be hamstrung by instrument control software that is unstable or limits export of data to
manipulable formats.

For the experimenis described in this text, the Thermo Finnigan XCalibur instrument control
software was used. XCaltbur manages the pumps required for producing MudPIT gradients, au-
tomates the processes of peptide selection and CID, and exports data via an ActiveX control or to
standard file formats. Although many XCalibur installations incorporate SEQUEST software for
pepude identification, all applications in this document used external, independently managed in-
stalls of SEQUEST. Thermo Finnigan was the first to market an ion trap instrument to automate

these processes and thus is used widely in the proteomics field.

142 Separation and preprocessing of tandem mass spectra

When XCalibur captures data for a tandem mass spectrometry experiment, its capture file contains
more than just tandem mass spectia. These data must be extracted to a separate file and then pre-
processed. The ExtractMS program (http://fields.scripps.edu/sequest/extractms.html) was created
for this purpose, creating a separate “DTA” text file for each tandem mass spectrum. Spectra which
contain insufficient information (for example, spectra which represent failed fragmentation) are not
extracted to files. In addition, the software attempts to deduce the charge state of the peptide frag-
mented for each spectrum. ExtractMS can distinguish spectra from singly-charged peptides from

those which were multiply-charged, but it cannot distinguish between doubly-charged and triply-



charged peptide spectra, so two files are created for each multiply-charged spectrum, one represent-
ing each of these two charge states.

The 2t03 program * attempts to determine the charge state for the multiply charged spectra in
a collection. When the software determines the precursor ion was triply-charged, it removes the
doubly-charged spectrum copy, and vice versa. The software works by finding pairs of fragment
jons: if +1 fragment ions pair with +1 fragment ions, the spectrum is likely from a doubly-charged
precursor, but if +1 fragment ions pair with +2 fragment ions, the spectrum is likely from a triply-
charged precursor. By removing these superfiuous copies of the spectrum, 2to3 reduces the number
of spectra to be processed by the peptide identification algorithm, generally the most computation-

ally expensive part of this process.

14.3 SEQUEST. u database search algorithm

SEQUEST, originally published in 1994 *7, introduced the concept of the database search pep-
tide identification algorithm. Similar algorithms have also been published and made commercially
available, notably Matrix Sciences” Mascot 28 Software of this type uses a sequence database as
the source of candidate sequences to explain each spectrum.

The algorithms begin by assembling a candidate sequence list. The mass of the peptide which
was fragmented to produce a particular spectrum can be derived from the observed m/z value of
the precursor ion and the charge state which has been assigned to the spectrum (in some cases,
spectral copies at multiple charge states may be present). Since there may be some ervor in the
peptide’s calculated mass, an error of a few Da may be permitted. The database is queried for
peptide sequences which have masses which match the precursor peptide’s mass within this error
range. If a specific enzymatic cleavage is indicated, only those peptides beginning or ending in
appropriate amino acid residues may be considered. The collection of peptides which match the
precursor peptide’s mass constitutes the candidate sequence list for the spectrum.

In SEQUEST. preliminary scoring is used to prune the candidate list. The positions of fragment
ions for each sequence are calculated, and the observed spectrum is inspected for the presence of
these ions. A simple scoring function ranks the candidate sequences, and the top 300 are retained.

Preliminary scoring plays a more significant role with large databases, when candidate lists may



include more than a thousand peptides.

Each of the remining sequence candidates is compared to the spectrum more rigorously, Once
again, the positions of fragment ions for each sequence are calculated. A theoretical spectrum is
generated containing peaks at the fragment ion positions, and then each theoretical spectrum is
compared to the observed spectrum via cross-correlation. The sequences which generate the closest
matching spectra are ranked meost highly in SEQUEST’s output.

Algorithms of this type can be differentiated based on the way in which they compare observed
and mode} spectra. SEQUEST makes use of the cross-correlation algorithm for its comparisons,
while Mascot and others use statistically-derived algorithms. Mascot’s comparison starts with a
few peaks and progressively uses more to refine its analysis, while SEQUEST uses a fast Fourier
transform of the entire spectrum for each cross-correlation. These implementation differences can
obscure the fact that fundamentally, these algorithms are achieving the same thing, comparison of a
theoretical spectrum to the experimental one.

Less attention has focused on the way in which the model spectra are constructed. Fragment
ion masses are generated from the candidate sequences. For N-terminal b ions, low intensity peaks
are put into the model spectrum. For C-terminal v ions, high intensity peaks are inserted. This
technique addresses the horizontal dimension (m/z) of the spectrum adequately, but it represents
a simplistic approach to the vertical dimension (intensity). The ions in experimental spectra vary
widely in intensity, even with individual ion series. Improving the techniques for intensity modeling

could potentially increase the accuracy of database search algorithms.

1.5 Research goals

This research was designed to construct a statistical foundation upon which improved proteomic

tools couid be built. As originally planned, the aims included:
¢ Select a set of representative peptide identifications,
e Characterize statistically the associated spectra,

» Develop a model by which accurate spectra could be predicted from sequences, and



e Create software which could infer partial sequences from spectra on the basis of this model.

Superficially, the first of these aims appeared to be the simplest. The Yates Lab had developed
expertise in processing complex protein samples via MudPIT separation and subsequent SEQUEST
analysis. The execution of this aim, however, quickly revealed unexpected challenges. Selecting
a set of heuristics for consistently and automatically selecting reliable identifications was the first
difficulty. Next, the “"DTASelect”™ software was created to conduct this selection. Chapter 2 desciibes
the process by which this aim was achieved. Several other capabilities became possible by the
creation of the selection software, and these are described in Chapter 3.

The aim of selecting reliable identifications was to create a set of spectra from which statistical
trends could be inferred. A set of yeast proteome spectra were acquired by a Yates Lab post-doc, and
DTASelect chose a subset for which reliable identifications had been made. The primary challenge
was to determine which aspects of the spectra were related to peptide sequences. After exploratory
data analysis, some determinants of fragment ion intensity were published in the article which has
been included as Chapter 4.

Review of proteomic datasets via DTASelect had made it apparent that spectra are commonty
duplicated in these collections. In an effort to characterize the large-scale structure of proteomic
spectral collections, the “NoDupe™ algorithm was created for finding spectral pairs showing high
similarity. The ubigquity and significance of spectra duplication were published in the article which
was incjuded as Chapter 5.

A spectral model was derived from the statistical analysis, and it was implemented in GutenTag,
software for infering short sequence “tags™ directly from spectra. These tag sequences were shown
to be useful for identifying both medified and unmodified peptide sequences from a database. Chap-

ter 6 describes this implementation of sequence tagging and demonstrates its effectiveness for pep-

tide tdentification.



Chapter 2

PEPTIDE IDENTIFICATION ASSEMBLY AND SELECTION: THE DTASELECT
ALGORITHM

2.1 Introduction

The first challenge in statistically characterizing peptide tandem mass spectra was identifying a
suitable set for study. The tools available for summarizing SEQUEST results (SEQUEST Summary
/ Autoguest ') provided some basic capabilities for reporting identified peptides and filtering them
on the basis of score cutoffs, but several significant capabilities were not implemented.

First, identifications from precursors of different charge states were given XCorrs from different
distributions. A selid spectrum identification for a +1 charged peptide might receive a SEQUEST
XCorr of 1.8, while equivalently identified doubly- and trip]y—char'ged peptides were likely to score
approximately 2.5 and 3.5. To apply a single cutoff score to all classes of peptides discriminated
aguinst identifications of singly-charged precursors and be biased toward triply-charged precursors.

Secondly, the existing summary tools did not ailow users to set rules for protein inclusion. A
researcher might, for example, choose to see only those proteins for which at least two different
peptides were present. To complicate the situation further, an individual peptide might have resulted
from the presence of any of several proteins from a database. To work optimally, a summary tool
would need rules for which proteins should be included and which excluded.

Thirdly. the existing tools did not handle redundancy in the data. Proteomic separations quite
commonly produce multiple spectra for peptides (see Chapter 5). In analyzing a group of identifi-
cations, the best representative from similar sets should be chosen. Likewise, a set of peptides may
be found in each of multiple proteins. This occurence was not noted in SEQUEST Summary or
Autcquest.

Fourthly, Autoquest and Summary were not scaling effectively to handle the growing size of

proteomic data sets. Summary was capable of collating the results for an individual reversed phase
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separation. Several subsequent programs (collectively called Antoguest) were written to expand the
program’s capabilities, but each contributed its own layers of complexity. The problems inherent in
proteomic summary necessitated the development of new software designed with large data sets in
mind.

A new program was created in the Java programming language to select sets of spectra which
met specific criteria. Since spectra were, at the time, stored in files with DTA extensions. the pro-
gram was named DTASelect. The software allowed criteria customization at both peptide and pro-

tein levels, with reports designed to ease subsequent identification confirmation and biological anal-

vsis.

2.2 Experimental section
2.2.1 DTASelecr algorithm

DTASelect functions in three phases: summarization, evaluation, and reporting. The summarization
phase reads individual spectrum identifications from the SEQUEST output (QUT) files and assem-
bies information for each locus (the database identity of the proiein or gene from which the peptide
derives). The evaluation phase applies the criteria indicated by the user for spectra and proteins,
removing those that do not qualify. The reporting phase creates files to be read in a web browser,
spreadsheet, or database. At each step, the user is notified of DTASelect’s progress.

Summarization collects the most important information from SEQUEST identification. Each
identification’s output file is read to acquire the cross-correlation score (XCorr), normalized differ-
ence between first and second maitch scores {DeltCN). score and rank by prelinﬁnary score {Sp).
identified sequence, observed and calculated precursor mass, protein or genetic locus from which
this peptide derives, intensity, and percentage of fragment ions matched between predicited and ob-
served spectra. The peptides are sorted by locus, and peptides for each locus are sorted by sequence.
Next, the same database used by SEQUEST is consulted for the full protein sequence, descriptive
name, and peptide positions. The information from the output files and database lookup is stored to
the DTASelect.txt file so that this step can by bypassed in subsequent analyses of this sample.

Evaluation applies user-selected criteria to the matches. An identification is included only when

it passes all specified spectrum criteria (see Tables 2.1 and 2.2). Selection is next conducted at a



higher level, retaining proteins which have a sufficient number of different peptides or which have
at least one peptide showing up several times (see Table 2.3). Specific reports can be activated by
the utility options (see Table 2.4).

Two filters reduce the redundancy of results. DTASelect can choose the best example of multiple
spectra matching the same sequence by score or by signal intensity. In addition, many proteins may
be indicated by exactly the same sets of peptides; DTASelect groups these together as identical.
These selections highlight peptides and proteins which represent the entire samiple.

The reporting phase generates several different files. The primary report is the DTASelect.himl
file. which enumerates the proteins and the spectra in evidence for each. Hyperlinks from this report
lead 1o sequence coverage for individual proteins, a view of each spectrum. and the output file for
each spectrum. This information is also recorded in DTASelect-filter.txt, a tab-delimited text file
suitable for review in a spreadsheet. (See Figures 2.3 and 2.5.) For better data portability. DTAS-
elect includes a graphical user interface. which can be used independently of SEQUEST's suppot
programs. (See Figur: _.1.) This interface provides superior support for identifying sequence ions
from spectra, especially those that come from triply-charged precursors. In another mode. it dis-
plays the selected protein’s sequence coverage. These files and the graphical user interface present
the primary information produced by DTASelect.

Supplementary information is presented in a series of auxiliary files. The first contains infor-
mation about protein similarity. Multiple proteins may feature a particular peptide. but this is not
always an indicator of substantial similarity among the proteins, Similarity is caleulated to be the
number of peptides shared between two proteins minus the number of nonmatching peptides: a
score of zero indicates that the number of peptides that match equals the number that do not match.
DTASelect notes all protein pairs which share at least one peptide in its primary report and in a
separate similarity table.

Another DTASelect report evaluates chromatography. After filters have been applied, the num-
ber of singly. doubly. and triply charged peptides remaining from each round of chromatography is
given, along with a profile of where in each cycle the peptides eluted. This information can help
users optimize their separations for both completeness and efficiency.

Research focusing on post-translation modifications can benefit from DTASelect's modifica-

tion report. This report, generated when the --mods option is used. vields information about



Table 2.1: DTASelect Spectrum Filters: # svibols indicate a numerical parameter follows while @
symbols indicate “true™ or “false™ should follow. Changes can be made at the command line or in a
DTASelect.params file. Each spectrum must pass all filters.

Option Default | INDIVIDUAL SPECTRUM FILTERS:

-1 i.8 Set lowest +1 XCorr

-2 # 25 Set lowest +2 XCorr

-3 3.5 Set lowest +3 XCorr

-d # 0.08 Set lowest DeltCN

-c # | Set lowest charge state

-C # 3 Set highest charge state

--mz Set minimum precursor m/z

--MZ Set maximum precursor m/z

-1 4 0.0 Set lowest proportion of fragment ions observed
-s # 1000 Set maximum Sp ranking

-8 # Set minimiam Sp score

-a @ true Should ambiguous identifications be shown?
-m 0 Require peptides to be modified

-m 1 X Include peptides regardless of modification
-m 2 Exclude modified peptides

-y 0 X Include peptides regardless of tryptic status
-v 1 Include only half- or fully ryptic peptides
-y 2 Include only fully tryptic peptides

-v -1 Keep "N peptides, discard all others

-v 0 X Ignore manual validation info

-v 1 Keep “Y™ peptides. discard "N peptides

-v 2 Keep "Y™ and “M™ peptides, discard “N™ peptides
-v 3

Keep Y™ and “"M" peptides, discard “N™ and “U" peptides




Table 2.2: Extended Spectrum Filters: # svmbols indicate a numerical parameter follows while

$ symbols indicate character or string parameters follow. Extended filters only apply if they are
specified).

Option EXTENDED FILTERS (off by default):

-Sic § | Sequences must contain ali of these characters
(excludes C terminal residue)

-Sip $ | Sequences must contain this pattern

~Sec $ | Sequences must not contain any of these characters

(excludes C terminal residue)

-8tn $ | Preceding residue must be one of these
-Ste § | C terminal residue must be one of these
-Smn # | Sequence must be at least this length
-8mx # | Sequence must be no longer than this
-Ser 0 | (default) No sequence end requirement
-Ser 1 | Sequences must be one-ended

~-Ser 2 | Sequences must be complete to both ends

-X1 # Set highest +1 XCorr
-X2 # | Sethighest +2 XCorr

-¥3 # | Set highest +3 XCorr




Table 2.3: DTASelect Locus Filters: # symbols indicate a numerical parameter follows while $
symbols indicate character or string parameters follow. Filter changes can be made at the command
line or in & DTASelect.params file, Each locus must pass either -r or -p and then any ~-e, -E, -1,
-L. -1, andd -o options specified.

Opiion | Defaunlt | LOCUS FILTERS:

-t 0 Do not purge duplicate spectra for each sequence

-t 1 Purge duplicate spectra on basis of total intensity

-t 2 X Purge duplicate spectra on basis of XCorr

-v -1 Keep "N" proteins. discard all others

-V 0 X Ignore manual validation info

-V 1 Keep Y™ proteins, discard “N" proteins

-V 2 Keep Y™ and "M proteins. discard “N" proteins

-V 3 Keep Y™ and “M" proteins, discard "N and “U™ proteins
-u false Include only loci with uniquely matching peptides

-0 false Remove proteins that are subsets of others

--mw # Set minimum protein molecular weight

--MW # Set maximum protein molecular weight

~-pi # Set minimum protein isoelectric point

--PI # Set maximum protein isoelectric point

-e 8 Renove prdteins with IDs matching this string

-E § Include only proteins with IDs matching this string

-1 % Remove proteins with descriptions including this word
-L & Inctude only proteins with descriptions including this word
-M # 0 Set minimum modified peptides per locus criterion

-xr # 10 Show all loct with peptides that appear this many times
~p # 2 Set minimum peptides per locus criterion




Table 2.4: DTASelect wtilities

Option UTILITIES:

--nofilter, -n | Do notapply any criteria

--copy Create script to copy selected spectra and IDs
{or subset SQT and MS2 files)

--GUI Report through GUI instead of output files

- -compress Create .IDX and .SPM files from spectra

--Mascot Draw peptide IDs from Mascot .dat files instead

--BE Produce Bird's Eve view of proteins found

--class Classify proteins according to Classifications.ixt

- -aux Incorporate auxiliary protein information from AuxlInfo.txt

- - XML Save XML report of filtered resuits

--DB Save in format for database import

- -chroma Save chromatography report

--similar Save protein similarity table

--align Save sequence alignment report

- -mods Save modification report

~--help, -h Print this list of options

--here, -. Include only IDs in current directory
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Figure 2.1: Example of DTASelect’s GUI displaying a spectrum: Spectra can be viewed directly
from the compressed files or from DTA or MS2 files. Clicking on the name of a spectrum in the list
will display it in the viewing window.
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Figure 2.2: Example of DTASelect-mods.html Fragment

proteins with at least one modified peptide present (see Figure 2.2). Available in web (DTASelect-
mods.html) and text (DTASelect-mods.txt) formats, the report enwmerates the residues in each pro-
tein for which at least one dynamic modification was observed. When multiple peptides are observed
for a particular modification, a sequence alignment of the identified sequences is produced with a

marker to show the modification’s position.

The alignment report can be helpful in showing which regions of a protein’s sequence are most
amenuable to mass spectrometry. The report. generated when the --align option is in effect,
creates o table for each protein. Each row in the tables represents a region of contiguous sequence
coverage and shows how the peptides in these regions align against each other. Modified residues are
indicated by being colored red (or are shown in lowercase in the text report). The starting and ending
sequence positions of each contiguous region are included in the first cell of each row. After each
protein table, four statistics are listed. The “Maximum Depth”™ field shows the maximum number
of peptides listed in any contiguous region for this protein (not necessarily the largest number of
peptides containing a particular residue of the protein). The “Peptide Residues Observed™ field

sums together the length of each peptide observed for the protein and can be used to determine



Table 2.5: Summary tables from DTASelect output for LC/MS/MS and MudPIT analysis of purified
26S proteosomes: (A) DTASelect summary output for LC/MS/MS analysis on 4 g of purified 265
proteosome. Shown are total counts for proteins, peptides, and spectra. The difference between the
nonredundant and redundant protein counts reflects that some proteins have been grouped together
because of identical sequence coverage. When used with databases that contain a large number of
related proteins (such as the human database), DTASelect’s grouping functionality is a timesaver.
(B) As in (A) except that results are for a MudPIT analysis of 40 ug of purified 265 proteosome.

{A) Proteins Peptides Spectra
Redundant 38 345 414
Nonredundant | 37 342 411

(B) Proteins Peptides Spectra
Redundant 90 978 4189
Nonredundant [ 77 968 4175

the mulitiplicity of sequence coverage for each protein. The “Sequence Coverage™ and “Sequence

Length™ show the same numbers as in the locus lines of DTASelect.tml.

2.3 Results and discussion

Analyses of purified yeast 26S proteosomes by both single dimension LC/MS/MS = and by MudPIT
3 have been reported previously. All experiments were performed on a Thermo Finnigan LCQ or
LCQ Deca nsing standard procedures 4. The resulting peptide identifications were processed by

DTASelect.

2.3.1 DTASclect application: single dimension LC/MS/MS

Digested peptides from 4 ug of purified 26S proteosome were resolved and analyzed during a 2
hour LC/MS/MS experiment 5. After a SEQUEST search against a database of predicted yeast
open reading frames and common contaminants, the resulting 6587 output files were filtered and
summarized using the default criteria of DTASelect. (See Tables 2.1 and 2.3.) The filtering yielded

411 spectra corresponding to 342 peptides and 37 distinct proteins. (See Figure 2.5A.)
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Figure 2.3: Example DTASelect.html fragment: Locus lines supply the current assigned manual
validation status (“*U” means no status assigned), the locus name, the number of peptides listed
below, the total number of spectrum copies representing this locus, the percentage of sequence
coverage, the length of the full protein sequence, the average molecular weight of the protein, the
pLand the descriptive name of the locus from the database. NOTE: DTASelect.html also contains
the calculated precursor mass and Sp score for each peptide, omitted here for space reasons). If a
peptide has multiple matching sequences with equal XCorrs, the. number of ambiguous sequences
is shown at the left end of the peptide line.

All but 2 of these 37 proteins had been observed before: 32 had been identified as part of the
26S proteosome, 1 was known to associate with the complex , and 2 were exogenous contaminants
7

. DTASelect prepared its report in minutes. (See Figure 2.3.) The DTASelect output compiled

the important metrics for each spectrum into a single file, enabling further study through hypertext

links.

2.3.2 DTASelect application: MudPIT

Digested peptides from 36 ug of the same preparation of 265 proteosome as for the single dimension
experiment were analyzed by MudPIT ® and semched against the database. After filtering and
summarization, the 33.841 output files were pared down to 4157 spectra representing 968 distinct

peptides and 77 proteins. (See Figure 2.5B.) Upon manual evaluation of the resuits., only 4 of these



77 proteins (5.2%) passed through the filters as false positives. Such percentages are typical of
the results for these experiments. The percentage of faise postives, however, is a function of the

filters employed by the user; DTASelect allows considerable latitude in the stringency applied to the

analysis.

2.4 Conclusions

DTASelect assembles protein-level information from peptide data more quickly, flexibly, and uni-
formly than existing tools. DTASelect focuses attention on peptides of interest by sweeping away
less likely identifications. By streamlining data analysis for proteomics, DTASelect makes more
complex experiments feasible. Most users of SEQUEST can benefit from DTASelect. Just as SE-
QUEST automated the time-intensive process of spectrum identification, DTASelect automates the

process of SEQUEST result interpretation.



Chapter 3

SAMPLE DIFFERENTIATION AND OTHER OUTGROWTHS OF DTASELECT

3.1 Introduction

DTASelect started life as an identification selector for a specific project. Very quickly, though, it
became the standard way for the Yates Lab to process SEQUEST identifications. By replacing the
existing summary software, DTASelect opened several avenues for development.

First, by automating and standardizing the procedures by which identifications were selected,
DTASelect made it possible to apply the same criteria to two or more samples, yielding the oppor-
tunity to compare protein content between samples. An earlier attempt at this software, the “mix™
program, was limited to comparing pairs of samples and featured few filters for removing spuri-
ous identifications, DTASelect was expanded to incorporate the capability of comparing multiple
samples in the program Contrast.

The Yates Lab was increasing the pace at which spectra were collected, and DTASelect was
making it possible to assemble the resuits for samples more rapidly as well. The growth of the
Lab’s data collection was putting a significant strain on the file servers. Because DTASelect could
be modified at will (in contrast to existing tools, which were effectively static), it became possible to
change to a new system for storing data which scaled to large sample sizes much more successfully.

Changing to a new format for storing spectra and identifications necessitated new tools for re-
viewing these data, DTASelect was modified to incorporate a novel spectrum viewer with many
powerful features. Likewise, DTASelect’s protein sequence assemblies enabled a new viewer to
show, for the first time, depth of protein sequence coverage rather than simple percentage of residues
covered.

In this chapter, each of these features will be examined in detail. By making significant changes

in how day-to-day proteomics can be conducted, each has improved the speed and accuracy of data

analysis in the Yates Lab.



3.2 Contrast: flexible and fast sample differentiation

3.2.1 Algorithm

Contrast extends DTASelect across multiple samples or multiple sets of criteria. Its algorithm pro-
ceeds in three phases: reading, comparison, and reporting. The program is configured by changes
in the Contrast.params file, and the specified DTASelect results are read from disk. The presence

of each protein is compared between the described sets, and the similarities and differences are

reported in HTML and text formats.

The reading phase begins with the Contrast.params file, which allows the user to specify the
DTASelect results of interest and to enwmerate criteria sets to be applied to the results. Contrast
requires at least one sample and set of criteria to be specified, but more can be included as long as
the number of samples multiplied by the number of criteria sets does not exceed 63. Each DTASelect
result is processed under each set of criteria, so four samples and two criteria sets will result in eight
“data sets,” corresponding to eight columns in the output. Once the Contrast.params file sets up the

run, Contrast will read the DTASelect.txt file for each sample and apply the specified filters as in
DTASelect.

To compare the data sets, Contrast develops a master list of proteins including each locus ap-
pearing in any of the data sets. Each data set is assigned a power of two. Each locus’ pattern of
presence or absence is stored by summing the powers of two for the data sets in which the protein is
found. Finally, the master list of loci is sorted by these power sums and then by protein name. The

effect is that toci are grouped by patterns of appearance across data sets.

Contrast produces extensive output. The major report is Contrast.html, which lists the proteins
in each group and includes links to the corresponding DTASelect.html files for each data set. (See
Figures 3.3 and 3.2.) To permit Contrast results to be analyzed by spreadsheet, they are exported in ‘
a tab-delimited text file. For users who want to see how individual peptides for each protein differ
among data sets, Contrast offers a “verbose™ mode, which provides this level of detail. (See Figure
3.1.) Although a complex comparison can yield a lengthy report, Contrast’s output organization

ensures that details can be found in predictable locations.



Locus prev new Total Description
def def )
YDR471IW 17.6 21.3 30.9 RPL27B
YHROLIOW 30.9 RPL27A
K.KVVIVKPHDEGSK.S +2 3.6802
K.SVVSTETFEQPSQREEAK.K +2 29577
K.VVIVKPHDEGSK.S +2 3.0628
K.VVNYNHLLPTR.Y +2 32914 2.9249

Figure 3.1: Sample Verbose Contrast.html fragment: Proteins YDR47IW and YHROI0W were
tound in both samples under this criteria set, though with different sequence coverages (17.6% and
21.3%. respectively). One peptide was found in both samples, but the other peptides were found in
only one. The highest XCorr for each peptide in each sample is shown beside its sequence. Cumu-
latively these peptides add up to 30.9% sequence coverage. The sequence coverage percentages for
cach samiple lead to the relevant sections in the respective DTASelect output files. The cumulative
sequence coverage links to a view of the protein’s sequence overlaid with the peptide sequences.

322 Conmrast application: MudPIT versus MudPIT

The most common application for Contrast is the comparison of multipie LC/MS/MS or MudPIT
experiments. The recent MudPIT analysis was compared to a previous MudPIT analysis of 60 g of
purified proteosome '. The summary table generated by Contrast allows the researcher to evaluate
how many proteins were found in both samples. {See Figure 3.2.) Manual evaluation confirmed
that none of the 60 shared proteins were passed through the filters as false positives. For this group
of proteins, all were either components of the proteosome (32), associated with the proteosome
(8). highly abundant yeast proteins that are found in numerous purifications (18), or exogenous
contaminants such as immunoglobulin and trypsin (2).

Contrast produces an analysis within a few minutes that would take a few hours to produce
manually. As in DTASelect output, important information is directly available, including locus
name, percent sequence coverage, and locus description / protein name. (See Figure 3.3.) The
proteins are sorted by the experiments in which they are found, and hypertext links provide access

to more detailed information for evaluative purposes. When multiple positive and negative controls
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Count Percent | prev new

def  def
60 50.8% 1 X X
I8 13.3% X

40 339% | X

118 160 78

Figure 3.2: Sample Contrast.html Summary: Each row in this table represents a particular combi-
nation of presence and absence in each of the data sets. with the X marks indicating this pattern.
Each row’s count links back to the appearance of the group above it in the Contrast.htmi file. Of
the 118 proteins appearing, 60 were present in both samples, 18 were present only in the “new”
analysis, and 40 were found only in the “prev” experiment.

are part of the experiment, Contrast’s automation becomes even more valuable.

3.2.3  Miscellaneous Contrast applications

Since a large variety of customizable filters are available in DTASelect and thus Contrast, individual
researchers can adapt the programs to their own needs. Contrast can be used for a “step analysis™
‘in which progressively more stringent criteria are applied to data from a single experiment. Those
proteins that meet the highest stringency requirements are sorted to the top of the output file, and
those passing only the lowest criteria are sorted to the end. This approach is well suited for stratify-
ing the protein identifications in a complex sample. For projects focusing on a particular protein, the
verbose mode of Contrast can show how individual peptides vary among samples. The open-ended

design of the software accomodates many purposes.

3.3 Unification of spectral and identification file formats

When SEQUEST was created, the peptide mixtures it was processing might contain hundreds of
peptides. As a result, it made sense to store each spectrum in a separate DTA file, with identifications
stored in separate OUT files. As separation techniques have improved, however, samples of greater

complexity are being analyzed. A typical MudPIT analysis could produce 50,000 spectra. This



Locus prev  new | Total Description
def  def

KERATINO3 9.1 {9.1

KERATINI13 33 [ 33

KERATIN22 3.3

KERATIN20 68 | 6.8

YBLO2TW 153 | 153 RPLI9B

YBROB4C-A 15.3 RPLI9A

YCRO76C 18.0 { 18.0

YDRI43C 37 |57 SAN!

YDR418W 2301230 RPLIZB

YELOS4C 23.0 RPLI2A

YELO26W 19.0 1 19.0

YELO37C 10.1 | 10.1 RAD?23

YHRIIIW 50 |50

YIL141C 3.6 {36  YAKI

YMRO76C 29 |29 PDS3

YNLO69C 81 [ 8.1 RPL16B

YNL207TW 33 |33

YOLOSIW 16 | 1.6 IRA2

YORI123C 78 17.8 LEOI

18 X

Figure 3.3: Sample Contrast.htm! fragment: This represents a group of proteins that appear in the
new MudPIT sample but not the previous experiment when the same criteria are used against eaclh.
Each row in the table represents one protein, and the numbers in the columns are the sequence cov-
erage percentages found in each data set (or, in the Total column, the cumulative sequence coverage
across multiple columns). The percentages link to each protein’s location in a corresponding DTAS-
elect.tml file. If multiple proteins have identical sequence coverage. they are grouped together (for
example, RPL19A and RPL19B). Several such sections appear in each Conirast output file, one for
each combination of presence and absence.
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growth required the Yates Lab to develop a new system for storing spectra and identifications.

Individual DTA and OUT files do not use disk space efficiently. These files, which typically
store one kilobyte of data. generally take four or even eight kilobytes of hard disk space, depending
upon the filesystem used. The overhead is not necessary for system data: instead, this extra space is
simply not used. The filesystems” minimum file sizes are often larger than those of DTA and OUT
files.

Filesystems perform poorly when thousands of files are created in a single directory. Microsoft
Windows Explorer becomes unresponsive if such a directory is viewed. Linux may take several
seconds to prepare such a directory listing. The problem with these directories is not that too much
data is stored there but the way in which that data is stored.

Finally, reading identifications from OUT files is problematic. The data is formatted in these
files for human review, not software parsing. Column headings and other labels are repeated in each
file. Different variants of SEQUEST produce varied OUT file formats. Because each OUT file had
to be opened individually. identification summary is slower than if the identifications were stored in
a single file. Shifting away from the DTA and OUT formats would ease software analysis of these
files.

The Yates Lab adopted the MS2 file format for storing spectra 2. These tab-delimited files are
essentially concatenations of DTA files, with labels to mark the start of each spectrum. When a
MudPIT separation uses twelve different salt concentrations. twelve reversed phase gradients are
run, Each results in an individual MS2 file. An unanticipated advantage of this change was that
multiple SEQUEST analyses could be run on a single set of spectral files through symbolic linking;
previously, the lab had re-extracted the DTA files for each analysis.

Changing the OQUT file format constituted a greater challenge. The data in OUT files are struc-
tured; some values apply to the analysis of the spectrum, while others apply to individual sequences
matched 1o the spectrum. Likewise, some sequences are found in individual database proteins while
others are present in large numbers. In effect, three classes of information are present in each OUT:
spectral analysis. sequence match description, and proteins containing matched sequence.

The Yates Lab adopted the tab-delimited SQT file format to store this information. S lines store
spectral analyses. M lines store sequence analyses, and L lines store the proteins corresponding to

each sequence. In essence, a SQT file is a flat file representation of a database,



New software was created for managing data in these formats. SQTSort, for example, was
created to move the best-scoring identifications to the top of the SQT and MS2 files for improved
performance during manual evalvation. PepGrep was designed to match the sequences presented
in a SQT file with entries in a specified database, making it possible to predict a proportion of
identifications against a new database from the identifications in an old one. SQTCollator is useful
when different SEQUEST searches have been produced for a single set of spectra; the program can
determine which identification across all the searches was the best for each spectrum. While many
of these aims could be achieved for DTA and OUT files, the difficulty of parsing OUT files stood in
the way of these developments.

The transition from DTA o MS2 and OUT to SQT has enabled the Yates Lab to increase the
scale of its experiments. Disk space. which had been a constant concern, is now more efficiently
used. New tools can now be created with greater ease. This greater efficiency has made large-scale

proteomics a more reasonable plan of attack for biological problems.

3.4  Associated CGI development

The shift from DTA to MS2 and OUT to SQT required substantial redevelopnient of lab tools. The
software for producing DTA files * was modified to produce MS2 files, and SEQUEST itself was
altered to read MS2s and generate SQTs. Because many of the CGI programs previously in use
were specific to DTA and OUT file formats, a host of new ones were created. The development

work had the benefit of causing the group to re-think how the evaluative tools should work. and

improved software resulted.

I Show / SpectrumApplet

Display_lons. the spectrum viewer previously used by the lab, was specific to DTA files. DTASelect
featured a spectrum viewer as part of its graphical user interface, and it was adapted to present an
applet interface. Hayes McDonald produced a CGI named “Show” to send this applet the spectral
data in the form of an HTML file. In addition, Show integrated the identification from the SQT file
with the spectrum, allowing the replacement of Show_Out, a separate CGI for viewing SEQUEST

identifications. The end result was a CGI which would replace both of these existing CGls (see
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Figure 3.4: Example of Show CGI output using SpectrumApplet viewer

Figure 3.4).

The transition to the DTASelect specrum viewer led to many important changes. First, the
applet was modified to allow for zooming particular regions of the spectrum. A color-coding system
was used to label peaks that corresponded to fragment ions. Neutral losses from the precursor ion
and fragment ions were identified and labelled. Doubly-charged fragment ions were displayed in
a way that made triply-charged peptides much more easily validated. The development of a new

spectrum viewer has made a contribution to results analysis in the Yates Lab.



342 SeqCov

A CGI named Consensus ships with SEQUEST to show which amino acid residues of a protein
sequence were observed in peptides and which were not. Since other CGls were being rewritten,
this one was also revisited. Johannes Graumann created a Perl script, entitled SeqCov, which would
display the deprh of sequence coverage throughout a protein’s sequence. DTASelect was modifted
to determine the coverage depths for each protein and to communicate with the SeqCov CGI (see
Figure 3.5).

Using SeqCov rather than Consensus has helped to reveal the extent to which peptide identi-
fications tend to group in some areas of the protein sequence while others are not cbserved. This
information can be useful in tuning proteolytic digests to observe sequences of interest. This display

and DTASelect’s sequence alignment may be also useful in revealing database sequence errors,

,

343 Evalocus and EvalPeptide

The unified SEQUEST result format included a field to store a researcher’s manual evaluation of
a peptide identification. Johannes Graumann wrote Evalocus to handle evaluation of proteins, and
Hayes McDonald created Evalpeptide to manage this for peptides. Users can evaluate either proteins
or peptidles as legitimate matches, possible matches, unlikely matches. or unknown (the defauit).
The capability to store these assessments can then be filtered by DTASelect. An annotation that was

not possible with individual OUT files became possible with the file format unification.

3.5 Conclusion

The creation of new proteomic summary software had powerful implications for the Yates Lab. The
capability to differentiate samples” protein contents with customizable criteria has been significant in
lab publications 4. The transition to unified file formats has made it possible to store proteomic data
more compactly and to analyze it more rapidly. The associated replacement of accessory programs
has contributed to the assessment of proteomic identifications. As these changes propagate to other

labs, we believe that they will benefit as well.
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Chapter 4

STATISTICAL CHARACTERIZATION OF ION TRAP TANDEM MASS
SPECTRA

4.1 Infroduction

DTASelect’s initial purpose was the selection of spectra which had been identified confidently. A
statistical analysis of this collection could then reveal the influences at work during collision-induced
dissociation of peptides. These statistics, in turn, could be used to model spectra more accurately
for peptide identification by de nove techniques.

Previous efforts to statistically analyze fragment ion spectia had limited success. Van Don-
gen and coworkers assembled a collection of 138 peptides for their analysis but focused on singly
charged precursor ions and used high energy CID . Dan&ik and coworkers studied a collection of
low energy CID spectra while developing the SHERENGA algorithm, but the analysis assumed that
all ions from a series would exhibit similar characteristics . A promising recent effort applied a
kinetic model to simulate fragment ion spectra as a function of several mechanisms *. Such studies
have begun to establish a statistical foundation for future algorithms.

This research attempted to identify statistical trends in fragment spectrum peak intensity and
to put these trends into chemical context. The relationship of fragment ion peak intensity 1o ion
series origin and fragment mass were explored first. Next, the influence of amino acid residues on
neighboring amide bond cleavages was evaluated. Finally, the link between amino acid composition

and neutral loss fragmentation was tested,

4.2 Experimental section

4.2.1  Preparation of veast proteome for MS analysis

A culture of Saccharemyces cerevisiae (strain 1560) was grown to an optical density at 600 nm of

1.2in 2 L of YPD media. Celis were lysed and proteins were extracted and digested according to a



protocol similar to that described for the insoluble fraction by Washburn er al. 4. Briefly, the total
yeast lysate was centrifuged and the pellet portion was dissolved in 90% formic acid and treated
with cyanogen bromide, CNBr, (Sigma, St. Louis, MO) overnight while the soluble portion was
directly recluced with tris(2-carboxyethyl)phosphine (Pierce Chemical Company, Rockford, IL) and
alkylated with iodoacetamide (Sigma, St. Louis, MO). For the CNBr treated fraction, the pH of the
solution was brought up to 8.0 with cold 30% NH,;OH and saturated (NH,|);HCOy. The peptides of
the pellet traction were reduced and alkylated like those of the soluble fraction. For both soluble and
peliet fractions, proteins were digested sequentially with Endoproteinase Lys-C and trypsin. The
resulting peptides were purified once using SPEC solid phase extraction C18 pipette tips (Ansys

Diagnostics, Inc., Lake Forest, CA).

4.2.2 Analysis of proteome by MudPIT

Multidimensional Protein Identification Technology (MudPIT) was used to determine the protein
content of this complex mixture . The soluble fraction was divided and analyzed twice, while the
pellet fraction was analyzed in a single experiment. The liquid chromatography columns were con-
structed at the time of use. A piece of fused silica capillary (100 gm ID / 363 pm OD) (Polymicro)
was pulled to have an opening of 5 gm. A biphasic LC column was prepared by packing the cap-
illary with AQUA CI8 particles (Phenomenex, Torrance, CA) followed by Whatman SCX beads
(VWR) using a high-pressure cell ®. The yeast peptides were loaded onto the column using the
sime pressure cell.

The columns were positioned to elute directly into the ion source on a custom-built stage 7. An
Agilent HP1100 LC pump (Palo Alto, CA) produced a flow of 100 pL / min., which was split to
produce a flow rate of 200 - 300 nL / min. There were {2 LC cycles in the completely automated
LC/LC/MS/MS analysis. The initial cycle used no salt in order to collect data on peptides that
bypassed the SCX media. Subsequent cycles used 4%, 8%, 10%, 12%, 15%. 20%, 30%, 40%, 50%,
75%, and 100% concentrations of 500 mM ammoniwmn acetate. Each reversed phase gradient used
an “A” solvent of 5% acetonitrile / 0.1% formic acid and a “B” solvent of 80% acetonitrile / 0.1%
formic acid. The gradients themselves lasted [00 minutes, ramping from 88% A, 12% B t0 45% A,

55% B. The final cycle of the MudPIT increased to a maximum of 30% A, 70% B over 110 minutes
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to €lute the most hydrophobic peptides from the column.

Two different Thermo Finnigan LCQ Deca ion trap mass spectrometers (San Jose, CA) were
used for the sofubie fraction samples, and one of the pair was used for analyzing the pellet sam-
ple. XCalibur instrument control software, version 1.2, handled the instruments. The software’s
“dynamic exclusion” feature reduced the extent to which high abundance peptides were sampled
preferentially over low abundance ones, thus increasing the instrument’s effective sensitivity. A

normalized collision energy of 35% was applied to the peptides, a setting which typically fragments

all of the precursor peptide ions.

4.2.3  Preliminary informatics

The SEQUEST algorithm ¥ was used to process the spectra against the veast open reading frame
database Y. The program was not configured to search specifically for tryptic peptides. so all pep-
tides from the yeast genome were considered in assessing the identifications. The algorithm was
configured to assume that all cysteine residues had been modified by reduction and alkylation. The
contiguration allowed matching to database peptides with masses three Da higher and three Da
lower than the observed peptide mass.

The DTASelect algorithm '* filters SEQUEST results and assembles protein-level information
from peptide data. Its default settings indicated that more than 2500 proteins were identified in
the assembled results of the three MudPIT analyses. The program’s filtering capacity was used
in two stages to isolate identifications for further analysis. The first filtering step was designed
o isolate peptides coming from reliably identified proteins. SEQUEST"s primary score for each
peptide identification is the XCorr, a measwre of how well the theoretical spectrum cross-correlates
to the observed specttum. XCorr cutotfs were found which would retain the top 10% of singly
and triply charged peptides and 25% of the doubly charged peptides. The XCorr cutoffs for each
charge state corresponding to these percentages were as follows: 1.699 {+1), 2.290 (+2), 3.083
{+3). Only spectra for which the first sequence match scored at least 85 better than than second
were retained (corresponding to a SEQUEST-assigned “DeltCN™ of 0.08). When multiple copies
of a particular spectrum were found, DTASelect retained only the one with the highest XCorr. Two

different sequence identifications were required for any protein to be retained. Cumulatively, this
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filtering reduced the set of 129,282 original spectra to 6.417.

The second filtering step was designed to reduce the pool of identifications to the subset targeted
for statistical analysis. DTASelect’s charge filters isolated the doubly charged peptides remaining
after the first round of filtering. Of these, only the peptides with more than 50% of expected ions
appearing were retained. In addition, peptides were required to have sequences ending in arginine
or lysine, with no internal arginine or lysine residucs. The second round of filtering selected a final
set of 1465 spectra.

A new algorithm, entitled DaughterDB, created databases describing these spectra i1, The pro-
gram creates three reports. The first includes a row of information for each spectrum, including
the number of peaks appearing in the spectrum and the percentage of total intensity from singly
charged fragment ions. The second report includes a row for each theoretical fragment ion expected
within the scan range of each spectrum, describing the most intense matching ion in the experimen-
tal spectrum within 0.75 m/z to either side of the calculated fragment ion position. Ion intensities
were reported as a fraction of the sum of the spectrum’s intensities in order to normalize the inten-
sity differences between spectra (see Figure 4.1 for examples). Although DaughterDB enumerates
both singly and doubly charged fragment ions, only the singly charged fragments were included.
Fragment ions of fragment ions are not identified by DaughterDB. The energy applied to the pep-
tide precursors was sufficient to remove these ions’ peaks completely from the fragment ion mass
spectra. The third DaughterDB report is similar to the second but enumerates pairs of consecutive
fragment ions which are both within the scan range. These data were analyzed statistically in a free

statistics package called R 2 which is based upon Insightful's S and S-Plus software.

4.3 Results and discussion

.31 Peptide diversity and representation

The 1465 doubly charged tryptic peptides selected for this study had a median length of 135 residues.
The middle 50% of peptide lengths ranged from {3 to 18 residues: the shortest peptide was seven
resicdlues, and the longest was 27 residues. The median peptide mass was 1643 Da. The middle 50%
of the masses ranged from 1397 to 1945 Da, while the full range stretched from 843 to 2747 Da.

The median XCorr assigned by SEQUEST was 3.64. The middle 50% of XCorrs ranged from 3.12
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Figure 4.1: This mass spectimm represents the sequence AVDDFLLSLDGTANK. The y5 ion corre-
sponds to the intensity of the median v ion for all spectra in this analysis. The base peak in the above
spectrum, which was identified as y8, embodies 9% of the spectrum’s total intensity. Identified b
and ¥ ions account for 32.4% of this spectrum’s total intensity.



to 4.28, with a minimum 2.29 (the cutoff applied by DTASelect) to a maximum of 6.63.

Figure 4.2 compares the composition of the full Saccharomyces cerevisiae database to the pep-
tide content of the identifications included in this anatysis. Each >peptide was required to terminate
in a basic residue; 650 (44%) had C-terminal Arg residues, while 815 (55%) ended in Lys. Amino
acid residues with alkyl side chains (Leu, Val. Ala, and Ile) were the four most common residues
found in the peptides.

The cross-correlation scores produced by SEQUEST for this set of peptides correlated to both
peptide mass (correlation coefficient r = 0.59) and sequence length (r = 0.61). DaughterDB's re-
port included several measures coordinating SEQUESTs maich to the peptide. SEQUEST scores
correlated most closely (r = 0.66) to the length of the longest contiguous series of singly charged
fragment ions for each spectrum. SEQUEST-appears to give higher scores to longer sequences

and more massive peptides, especially favoring spectra with long contiguous series of matching

fragment ions.

4.3.2  Series-specific characierization

The cleavage of a peptide at an amide bond in low-energy CID results in several series of ions (see
Figure 4.3). The & and y ions directly result from cleavage, while a ions result from the formal loss of
carbon monoxide from £ ions. While b and y ions are found at the vast majority of locations where
they are predicted, « ions are less common (see Table 4.1). The energy of fragmentation in low-
energy CID is insufficient to break the bond between the alpha carbon and the carbonyl, and so v ions
ire not typically produced; in this s.tudy they are included only as a measure of background noise.
In these spectra, predicted .v ions can be matched to observed peaks 23% of the time, indicating that
noise peaks in the spectra may be contributing substantially to the percentages of identified ions.
Tons predicied to fall outside the observed scan range were excluded from this analysis; because the
spectra were collected on an ion trap mass spectrometer, low ni/z peaks were truncated from the
spectrum. On average, the smallest m/z in each spectrum was 30% of the precursor’s m/z.

In this spectral collection. y ions were found only slightly more often than b ions, but their
peaks were typically more than twice as intense. The distributions of each series” intensities are

shown in Figure 4.4. The percentage of intensity in each spectrum accounted for by b and y ions
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Figure 4.2: The peptides included in this analysis have a somewhat modified composition with
respect to the sequence database by which they were identified. The residues identified most often
among the peptides had alky! sidechains. The six rarest residues in the identified peptides were the
same as those seen least often in the sequence database. Cysteine was present in only 134 peptides,
and Met and Trp were each present in 178 peptides.
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Figure 4.3: Low energy CID primarily cleaves peptide bonds, resulting in & ions (which contain the
N-terminus and the atoms to the left of the dotted line) and v ions { which contain the C-terminus and
the atoms to the right of the dotted line). b ions (pictured) generally take on an oxazolone structure,
which may subsequently fragment to produce smaller b ions or lose carbon monoxide to form a

ions. The remaining possible backbone ions (¢, x. and ) do not typically form under low energy
conditions.
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Table 4.1: Peptide fragment ion series comparison. “Number Found™ shows the number of predicted
ions for which a peak was observed within 0.75 of predicted m/z. “Percent Found” compares the
number of ions found to the namber expected within the scan range for each ion series. The median
intensity for the ions identified for each series appears under “Individual Intensity™ (leaving out ions
that could not be matched to an observed peak). "Spectrum Intensity™ shows the average percentage
of each spectrum’s intensity that can be accounted for by the ions from each series. The v ion series
is included as a measure of noise; these ions are not expected to form in low-energy CID.

Number | Percent | Individual | Spectirum

Found | Found | Intensity | Intensity

a 6863 40% 0.20% 1.98%
b 14823 84% 0.47% 8.59%
Y 15729 90% 1.03% 21.82%
X 3971 23% 0.15% 0.75%

was caleulated. The median percentage was 28.8%. with the range between the 25th and 75th
percentiles spanning from 23.1% to 35.9%. See Figure 4.1 for a sample spectrum in which 32.4%
of the intensity was accounted for by b and v tons. In its search for each fragment ion, DaughterDB
counts only the largest peak found within 0.75 m/z of the calculated position. As a result, peaks
representing isotopic variants of the fragment jons will not be counted as part of the identified
intensity for each spectrum. Low-intensity peaks can account for a sizeable portion of the spectrum’s
intensity because they are numerous. The remaining peaks may include vnfragmented precursor ion,

neutral tosses from the fragment or precurser ions, or other rearrangement ions.

Figure 4.5 illustrates the relationship between fragment peak intensity and relative mass. The
relative mass for each fragment ion is its mass divided by that of the intact peptide. The peaks for the
v series reach a distinet peak in intensity when the fragments are approximately two-thirds the mass
of the precusor ion. The b series peaks are highest at approximately 45% the mass of the precursor.
The a series is excluded from this figure because fewer than half of these ions can be associated with
spectral peaks outside the region ranging from 30% to 50% the mass of the precursor. The regions

where the peaks are most intense are also the regions in which the intensity variation is greatest.
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Figure 4.4: Small peaks are more common than intense ones for each series, but the more intense the
peak. the more likely it is to represent an jon from the y series. The distribution of peak intensities
extends beyond the most intense category in this graph: 31% of y peaks are more intense than 2%

of the spectrum’s summed intensity, as compared o 9% of b peaks, 3% of « peaks. and % of
background () peaks.
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Figure 4.5: Peak intensities are related to the relative masses of the fragment ions they represent.
The horizontal axis gives masses of fragments as a proportion of precursor mass. The bar shows
the intensity of the median peak for the collection of ions in a particular relative mass bin, with a
line exiending above and below to show the 75th and 25th percentile intensities. Missing peaks are
assigned intensities of zero. The y series shows a distinct peak at approximately 60% of precursor
mass, while b peaks crest at 45%.
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Figure 4.6: The chemical structure of Pro produces an unusual fragmentation. Because Pro’s side
chain forms a ring to its nitrogen. attack on its carbonyl carbon by the preceding carbonyl oxygen
would result in a strained 5-3 bicyclic ring. Cleavage to its C-terminus is reduced, and cleavage to
its N-terminus is encouraged, yielding a large differentinl between the fragment ion peaks adjacent
the residue.

4.3.3 Residue-specific behavior
N-bigs by residue

Individual amino acid residues influence which of the two adjacent amide bonds (N-terminal or C-
terminal) break in the process of collision-induced dissociation. The structure of Pro, for example,
prevents the cleavage of the peptide bond C-terminal to the residue by hindering the attack of the
N-terminal carbonyl 1* (see Figure 4.6). The extent to which each residue directionally enhances
cleavage was measured by comparing the intensities of fragment ion peaks adjacent to each residue.
The intensity of the C-terminal fragment peak was subtracted from the intensity of the N-terminal
fragment peak. These differences were divided by the sum of the two peak intensities to yield
the “N-bias™ A subset of the fragment peaks was calculated to fall within the scan range but did
not appear in the tandem mass spectra. Each of these peaks was assigned an intensity of zero and
included in the analysis. If neither peak was observed for a pair, it was excluded. If either of the two
fragment ions fell outside the scan range, the pair was exciuded from the analysis.

Examples from the spectrum shown in Figure 4.1 may clarify this measure. Three y ion peak

pairs show the presence of Leu residues. In all three cases, the lower m/z peak is more intense than
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the higher m/z peak (v6 > ¥7. ¥8 > v9, and y9 > y10). For v ions, the higher m/z peak of each
pair corresponds to the N-terminal cleavage. All three examples of Leu in this spectrum vield a
negative N-bias (or positive “C-bias™); the C-terminal peaks are more intense than the N-terminal
peaks. This spectrum’s results for Leu are in line with the median behavior observed for the broader
set of spectra, which showed an N-bias of -0.33 for this residue.

For b ions, the three residues with the highest N-bias were Pro, Gly, and Ser (see Figure 4.7).
Al the median, Pro’s N-bias was 1.0; the peak representing the C-terminal cleavitge product did
not appear in the spectrum. Gly and Ser were more moderate influences on fragmentation, with N-
binses of 0.47 and 0.35, respectively. Showing the opposite impact was His, which yielded a C-bias
of -0.64. The phenomenon, however, was quite variable; the mean interquartile difference for & ion
N-biases was 0.86. The variability for residues did not appear to bear a relationship to sample size:
the interquartile differences for Cys, Met, and Trp were not substantially different than for the other
residues.,

Figure 4.7 shows the N-bias measurements for y ions. The highest N-bias residues for y ions
were Pro (0.93). Gly (0.59), and Ser (0.35). Although His was the strongest C-bias infiuence in b
ion intensities, it appeared to have little effect in the y ion series. A C-bias was found for Ite (-0.45),
Val (-0.dd). and Leu (-0.33). The average interquartile difference for v ion N-biases was 0.74. The
variability may have decreased relative to the b series due to the greater intensity (and thus signai-
to-noise) of v series peaks. A visual inspection of measured N-biases and cleavage position did not
reveal a relationship between the two.

Information from the literature of peptide dissociation mechanisms may explain the strong N-
bias culculated for Pro cleavage and the strong C-bias calculated for His cleavage in b ions. Prois the
only evelic amino acid of the 20 commonly occurring amino acids. It has been noted in the literature
that there is a strong preference for Pro to cleave at its N-termninal side, whether the product formed
is the b jon or vy ion ', Because b ions formed at most residues are accepted to have oxazolone
structures (see Figure 4.3) 15 and because the b ion that would be formed at the C-terminal side of
Pro would require a transition-state invol ving formation of an unstable strained 5-3 bicyclic ring (see
Figure 4.6) '°, cleavage typically occurs at the N-terminal side of Pro rather than the C-terminal side.
This selective cleavage also provides information on the mechanism of the cleavage to form b and y

ions. If the mechanisms of formation of b and y ions have no common intermediates, one would not
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Figure 4.7: N-bias measures the extent to which each residue directs local fragmentation. The
statistic measures the difference between the N-terminal peak intensity and the C-terminal peak
intensity, normalizing this difference by the sum of the two peak intensities. Residues with N-
biases of greater absolute value impact local fragmentation to a greater extent. The median bias for
each residue is marked by the line across each box, and the upper and lower edges of the boxes
represent the 75th and 25th percentiles, respectively. The most distinctive bias toward N-terminal
fragmentation is that of Pro. A smaller N-bias appears for Gly and Ser. Hydrophobics Ile. Leu. and
Val show a bias toward C-terminal cleavage in y ions, and His shows a pronounced bias towards
C-terminal cleavage in b ions,
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Figure 4.8: Histidine can form unusual » ions. In normal fragment ion formation, the carbonyl
N-terminal to a residue attacks the carbonyl at the residue’s C-terminus, resulting in an intermediate
which produces a b ion with a single, five-membered ring. His™ side chain may short-circuit that
process by attacking its own carbonyl, yielding a & ion with a double ring structure.

expect that both the » and y ions would show a strong N-bias. The strong N-bias shown in Figure
4.7 is indirect evidence that a coupled b-v cleavage mechanism 7 occurs for Pro: ring closure to
form an oxazolone N-terminal to Pro leads to an ion-molecule complex that can dissociate to either
a b or ay ion, depending on whether a proton transfer to the Pro occurs before the two fragments
separate.

The C-bias for fragmentation at His has not been reported directly in the literature for a large
body of compounds although mechanistic data have been reported that are consistent with this bias.
Wysocki and coworkers suggested that fragmentation at His occurs via formation of a & ion structure
resulting from the side chain’s attack on the backbone carbonyl (see Figure 4.8) 'S, O"Hair and
coworkers calculated the stability of this 5-5-ring bicyclic structure for the N-acetylated methyl ester
of His and found that this structure is more stable than the corresponding protonated oxazolone ',
A C-bias for cleavage at His that is greater than that at the other residues in Figure 4.7 is consistent
with the suggestion that the His side chain produces a unique & ion strocture not formed by the
other residues in the analysis . To test the hypothesis that other basic side chains may attack the
neighboring carbonyl, a set of peptides including tnternal Arg and Lys residues was produced. The
C-bias exhibited by Arg was comparable to that of His (data not shown), suggesting that its side

chain may also be capable of nucteophilic attack on the carbonyl oxygen, as suggested by Glish =!.



Neutral loss by residue

Neutral losses from fragment ions can complicate tandem mass spectra. A loss of ammonia either
before or after fragmentation may reduce fragment jon masses by 17 mass units (often called "
ions). The median intensity among observed b-17 ions was 0.24% of the spectrun’s intensity,
corresponding to approximately half the intensity of the median b ion. 55.5% (9744) of predicted
ions matched to a peak. The median intensity for observed v-17 ions accounted for 0.18% of the
spectrum’s intensity; the average y peak is five times the size of its ammonia loss peak. Of the
predicted ammonia fosses, 44.7% (7850} could be matched to observed penks.

To determine the influence of residue content on the production of these neutral loss ions, the
fragment ions associated with neutral loss peaks more intense than the observed median were segre-
gated from the other frugment ions of the series. The residue content of these ions was compared to
the residue content of fragment ions of the same type. The b5 ion of ASGEIVSINQINEAHPTK, for
example, has the sequence ASGELL If this ion showed a neutral loss of 17 mass units more intense
than the median, this 53 ion would contribute to the composition ratios of Ala, Ser, Gly, Glu, and
fle. The results for Alu may clarify this process. The residue is found in 49.3% of predicted v ions
{8650 of 175338). Of the v ions with intense identifiable ammonia loss peaks, 48.3% (1894 of 3925)
contain Ala. The frequency of Ala content for jons with substantial ammonia losses is not substan-
tially different from the frequency of Ala content for all ions. There appears to be no relationship
between Ala content and neutral loss of ammonia. The graphs in Figures 4.9 and 4.10 show the
ratios of these percentages. so that a ratio of 1.0 indicates that a particular residue was found neither

more nor less often than expected.

For /7 ions, the result shows that prominent ammonia-fosing fragment ions are 32% more likely
to contain Asn and 7% more likely to contain Gln than & ions in general (see Figure 4.9). On the
other extreme, His (-30%) and Pro (-29%) are underrepresented in b ions that lose ammonia. The
reliability for Met, Trp, and Cys may be limited by the number of peptides containing these residues
(178. 178, and 134, respectively).

The case of v ions shows similarities and differences to that of  ions (see Figure 4.9). Fragments
that are 17 Da less massive than v ions are 28% more likely to contain Asn and 26% more likely to

contain Gln than v ions in general. lons from the v series that lose ammonia are 16% more likely to
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Figure 4.9: Fragment ions which exhibit prominent loss of ammonia are more likely to contain
Asn or Gln than fragment ions in general. Ammonia loss is enhanced by His for v ions, but His
suppresses the loss for & ions. Neutra loss of ammonia may be diminished by the presence of Pro
and Met. The vertical axis shows the ratio between the sequence composition of the ions displaying
intense loss peaks and the sequence composition of fragment ions from the appropriate series.



55

Representation of Residues in b-~18 lons

anl

il

Ratio of Composttion

Residue

Representation of Residues in y=18 lons

1 | fmﬁ—TTT

1.2

1.0

0.8

Ratio of Composition
0.6
1

44

0.2

0.0

Residue

Figure 4.10: Fragment ions which exhibit prominent loss of water are more likely to contain Ser,
Thr. or Glu. As seen in ammonia loss, His appears to enhance loss in v ions but diminish it in b ions.
The mass accuracy of the ion trap, combined with the window for identifying peaks in DaughterDB,
may result in the misidentification of some ammonia loss peaks as water loss peaks, thus resulting
in Asn and Gln's ranking above.



contain His, the opposite effect seen in b ions. The effect of His was observed to depend upon the
C-terminal residue of the peptide; fragment ions ending in Lys and containing His were more likely
to produce neutral losses than those ending in Arg (data not shown). Pro content remains fower
(-9%) in ammonia losing v ions, but not o the extent seen in b ions.

Fragment ions can also fose water molecules, a mass shift of 18 Da (sometimes referred to as *°"
ions). Although ion trap mass spectrometers putatively feature unit mass resolution. some amount
of conflation between ammonia and water loss ion peaks is to be expected. The median intensity
of observed b-18 ions was 0.15% of the spectrum’s intensity, with 66% (11,612) of calculated b-18
ions matching to a peak. The corresponding iniensity for y-18 ions was 0.10%, with 51% (9025) of
these ions matching to a peak. The intensity medians for ions showing a loss of I8 mass units are
well below the corresponding medians for the ions exhibiting 17 mass unit losses, though a larger
proportion of these calculated ions match to observed peaks.

The differences in residue content for water loss ions do not appear to be as marked as those
in ammonia losses. Intense b-18 tons are 11% more likely to contain Thr and 8% more likely to
contain Ser than O fragment ions in general (see Figure 4.10). Asn and Gln are also more common
among these ions (8% and 4%, respectively). The appearance of these residues for both water and
ammonia losses may have resulted from the limited mass accuracy of the ion trap, which can yield
m/z measurement errors sutficient to cause DaughterDB to identify a particular peak as both a water
loss and as an ammonia {oss. Another point of similarity between both classes of neutral loss is that
both £-18 ions and b-17 ions diminish by the content of Pro or His.

Compositions of y-18 ions do not appear to be substantially different from those of y-17 ions (see
Figure 4. 10). Again. His is prominent in ions losing water (an increase of 20%). As with ammonia
losses. His content’s contribution to water neutral losses was observed to be dependent upon Lys®
presence at the C-terminal residue of the peptide. Asn and Gln are also common (16% each). Thr
and Ser. which are found preferentially in 5-18 ions. are among the residues increasing the presence
of v-18 ions, but they do not stand out substantially.

Peptide dissociation trends reported in the literature can hetp explain and support the dependence
of neutral losses of water and ammonia from sequence ions on amino acid residue composition. The
formation of sequence ions competes with neutral loss ion formation due to side chain interactions.

Research has corroborated the relationship of Asn and Gln content to 5-17 and v-17 ion formation
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(see Figure 4.9). The roles of Ser and Thr content in the formation of 5-18 ions and of His in the

formal loss of water from v ions (see Figure 4.10) have also been explored.

The reported loss of ammonia from Asn and Gln side chains in peptides corresponds to reported
results for individual amino acids. O Hair and coworkers > reported the fragmentation patterns
for a variety of protonated N-acyl amino acid methyl esters, including Asn and Gin. Both of these
ions underwent the neutral loss of ammonia readily, the source of which could not be from the N-

terminus due to N-acylation. The only remaining possible sources of the ammonia loss were the

sicle chatns of Asn and Gln residues.

Gaskell and coworkers 2 investigated the neutral loss of water from singly-protonated peptide
jons and provided evidence for three dehydration reactions through [!®O]-labeling studies: (i) loss
of water from the C-terminal carboxylic acid or acidic residues, (ii) loss of water from the side chain
hydroxyl group of Ser or Thr residues. and (iii} loss of water from the amide carbonyl of the peptide
bond. Their study concluded that a single peptide may follow any of several competing dehydration
pathways. Due to the variety of peptide sequences included in the statistics reported here, some
residue-specific trends may be masked by the presence of other amino acids. All tryptic peptides
included in this study contained a C-terminal carboxylic acid and several amide carbonyls in peptide

bonds, complicating the determination of which pathway led to the formation of observed water loss

ions.

Water loss may precede the formation of fragment ions. Separate [**0O}-labeling MS/MS exper-
iments of Thr-containing peptides and corresponding ab initio caiculations for these molecules have
indicated that the neutral loss of water occurs from the precursor ton [M+HT] exclusively from the
side chain hydroxyl group **. The interaction of Ser’s side chain with the backbone is a potential
explanation for the neutral loss of water in low energy CID MS/MS experiments. The currently
accepted mechanism for protein splicing could be considered a solution phase counterpart to this
mechanism in which the hydroxyl oxygen of the Ser side chain attacks the carbonyl carbon to form a
five-membered intermediate >, The presence of His in a peptide sequence has also been reported to
enhance the neutral loss of water from sequence ions, perhaps through a neighboring group pathway
involving induction of water loss by the nucleophilic side chain on the adjacent protonated carbonyl

6 The presence of His in peptides could promote the neutral loss of water (as seen in Figure 4.10).



4.4 Conclusion

The intensities of fragment ion peaks are a function of their fragment types, the locations of cleavage
within the peptide, and the residues that are adjacent to the cleavage. The residue content of fragment
ions, in turn, plays a role in the formation of secondary fragment ions such as ions formed by
the neutral loss of water or ammonia. While intensity may be quite variable, particularly for the
most prominent peaks in spectra, the information encoded in fragment ion intensity should be used
in algorithms which process these spectra. The trends observed in fragment ion intensity can be

developed into improved models of peptide fragmentation.

Existing algorithms for identifying database peptides from tandem mass spectra employ simple
fragmentation models to generate spectra for comparison to observed spectra. SEQUEST, for ex-
ample. models all y ions to be a uniform intensity, with 5 fons a uniform lower intensity. The above
results establish that even spectra that SEQUEST can correctly identify show distinctive patterns in
intensity for each ion series and marked differences in fragmentation neighboring particular amino
acid residues, An algorithm that uses these trends in intensity as part of its fragmentation model
should offer improved accuracy in peptide identification, con'ectiy identifying spectra that deviate
from simple fragmentation models.

The challenge of inferring sequence directly from tandem mass spectra (de r7ovo rather than from
a database) requires that all information present in the spectium be used optimally. The measures
calcufated in this research can be applied directly to this problem. Instead of relying solely upon
m/z data to consider sequence possibilities, algorithns based on improved fragmentation models
can use the information present in recorded fragment ion intensity to aid the process of sequence
validation.

This analysis is limited to spectra for doubly-charged peptides resuiting from a complete trypsin
digest. While this class comprises the identifications most common in proteomic experiments, other
classes of peptides are also significant and produce distinct intensity patterns. Triply charged peptide
spectra, in particular. differ in having doubly charged fragment ions intermixed with the singly
charged ones. The locations of basic residues within the peptide sequence instead of or in addition
to the terminal basic residue of tryptic peptides can also change the pattern of intensities observed

in a spectrum. Characterizing these classes of spectra will help highlight the mechanisms by which



peptides fragment and set the stage for a second generation of sequence identification software.

39
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Chapter 5

SIMILARITY AMONG TANDEM MASS SPECTRA FROM PROTEOMIC
EXPERIMENTS

5,1 Introduction

Liquid chromatography paired with tandem mass spectrometry can produce thousands of fragment
ion spectra for a complex mixture of peptides '. The mass spectrometer’s control software catalogs
intact peptide ions eluting from chromatography to produce an MS scan, isolates ions of a particu-
lar peptide for fragmentation, and collects the produced fragment ions in a fragment ion (MS/MS)
spectrum. The control software attempts to prevent the repeated isolation and fragmentation of par-
ticular peptides in order to increase the diversity of spectra acquired. Thermo Finnigan’s “dynamic
exclusion™ feature . for example, maintains a list of the precursor m/z values which huw; been trag-
mented during the last several seconds. Peptide tons that are listed will not be fragmented. Fragment
ion spectra may be repeated despite these features. For example, peptides which elute over a period
of several minutes exceed the duration of exclusion and may be duplicated. In addition, a peptide
mixture may be of sufficient complexity to yield more peptide ions within the exclusion duration
than the list can hold. As a result, some degree of duplication can be expected among the MS/MS

spectra for these experiments,

The spectra captured during an experiment pass through several steps before sequence iden-
tification. The instrument control software will first compose the spectra by averaging multiple
microscans and centroiding the peaks. The MS/MS spectra must then be separated from the MS
spectra produced in the process of liquid chromatography. For SEQUEST ? users, this task is com-
pleted by the ExtractMS program , which filters out unusable spectra on the basis of criteria such as
peak count and separates singly-charged peptide MS/MS spectra from those resulting from multiply
charged peptides. A recently published program, 2to3, extends on ExtractMS by determining the

charge state for multiply-charged spectra 3. With these processes complete, the SEQUEST algo-
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rithm can begin its task.

MS/MS spectra from the same peptide may differ from each other for several reasons. 1f a higher
concentration of a peptide is present at one isolation than at another, the signal-to-noise difference
between the spectra may cause one to be of higher quality. Variations in collision energy may
produce different levels of peptide fragmentation. In addition, the mass spectrometer’s detector may
register higher or lower intensitics due to random noise, All of these sources may yield spectra that
appear different even though they represent the same peptide precursor ion.

If spectra show significant similarity to each other, they generally represent the same peptide.
The intensities of individual peaks may vary considerably from spectrum to spectrunm, but the m/z
values of fragment jons can be measured to within a single ny/z in most mass spectrometers, If the
primary fragment ions in a pair of spectra are at the same m/z locations but vary in intensity, the
spectra can be judged as resulting from the same peptide. In some cases, such as the presence of
labile post-transliational modifications, neutral losses from the precursor ion are the dominant peaks
in spectra, reducing the amount of intensity to be found in informative fragment jon peaks. Such
spectra may appear as quite similar while representing different peptides.

Identifying peptides from spectral collections is often the rate limiting step for proteomic exper-
iments. Peptide identification algorithms may consume several seconds or minutes for each spec-
trum. If duplication is ubiquitous among proteomic data, peptide identification algorithms should
be modified to explicitly recognize and handle similarity. The time taken to analyze spectra could
be reduced by handling similar spectra simuitaneously. Likewise, spectra which are similar to each
other could be combined to improve the overall signal-to-noise for peptide identification. Spectral
stmilarity has implications for both the performance and accuracy of peptide identification algo-
rithms.

Techniques for determining the degree of similarity between spectra have been used for search-
ing libraries of reference spectra to identify experimental ones . The technique of cross correlation
is employed by LIBQUEST 7 with high sensitivity, but the algorithm is CPU-intensive. The ap-
proaches used in electron ionization mass spectrometry for library searching are generally faster
than cross correlation but may not be as sensitive. The dot-product comparison (also called the
“spectral contrast angle™) fared best in Stein and Scott’s library search algorithm comparison S,

In a study by Wan ¢z af %, the technique was shown to be effective at differentiating very similar



oligonucleotide fragment ion spectra.

The dot-produet comparison builds a vector in multidimensional space for each of two spectra
being compared and determines the angle between the vectors. Higher angles imply greater differ-
ences between the spectra, and angles approaching zero indicate considerable similarity between
the spectra. Peptide fragment ion spectra contain more peaks than the spectra typically used with
dot-product comparison. The algorithm loses discriminatory power if large numbers of peaks are
included in the spectra to be compared, necessitating a peak seiection process to reduce spectral
complexity prior to similarity analysis. When the peptide sequence corresponding to each spectrum
is known, selection of significant fragment ions is relatively straightforward. Seeking similarity
among uninterpreted spectra, however, requires different means for peak selection.

We adapted the dot-product algorithm to group uninterpreted peptide tandem mass spectra by
similarity. The resulting software automatically selects a subset of peaks from each spectrum for use
in comparison. It infers clusters of similar spectra and can retain a representative from each group
while removing duplicates. The algorithm was used to analyze spectra resulting from 1D and 2D
liquid chromatography (MudPIT). We show the impact of removing duplicate spectra on SEQUEST
results and propose a modification for peptide identification algorithms which would improve the

speed of identification while diminishing the occurence of false positive matches.

5.2 Experimental section

5.2.1 Muerials

All chemicals were purchased from Sigma (St. Louis, MO} unless otherwise noted.

Gel band samples

Cells of a stable HEK 293 (Human Embryonic Kidney) cell line were Iysed and subjected to two-
step affinity chromatography to purify a multiprotein complex ‘°. A 1D gel separated the proteins,
and Coomassie dye stained the complex constituents. The protein bands were cut from the gel,
reduced by dithiothreitol, and alkylated with iodoacetamide. An in-gel digest with trypsin (Promega

sequence-grade trypsin) eluted peptides from the gel pieces.
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Microtubule associated proreins sample

The microtubule associated proteins (MAP) sample was purified from bovine brains by a published
protocol !, Proteins were denatured by 8 M urea. Disulfide bridges were reduced with TCEP and
alkylated with iodoacetamide. The proteins were digested initially with EndoK-C (Roche, Basel,

Switzerland) and then by wypsin (Perceptive, Foster City, CA).

Rat hippocampus sample

Three rat brains were dissected, and regions enriched in the hippocampus were pooled, homoge-
nized, and centrifuged 2. Proteins were denatured with 8 M urea, and disulfides were reduced with
dithiothreitol and alkylated with iodoacetamide. Proteinase K was employed to digest the proteins

to peptides, and the resulting mixture was desalted.

35.2.2  Separation and mass spectrometry

The liquid chromatographic separations used for each of the three described samples differed. but
the same basic materials were used. Buffer A, the low hydrophobicity buffer, was 5% acetonitrile
/ 0.1% formic acid. Buffer B, the high hydrophobicity buffer, was 80% acetonitrile / 0.1% formic
acid. Buffer C, for producing the salt steps, was 500 mM ammonium acetate / 5% acetonitrile /
0.1% formic acid. The columns used for separations were produced from fused silica capillaries
with outer diameters of 365 jun and inner diameters of 100 um (Polymicro, Phoenix, Arizona),
with tips drawn to inner diameters of 5 ym. The reversed phase separations were produced by 5
;i Aqua C18 material (Phenomenex, Ventura, CA), and 5 pm Partisphere strong cation exchanger
(Whatman, Clifton, NJ) separated peptides into steps for the MudPIT analyses.

The gel band protein digests were analyzed by 1D liquid chromatography. The cofumns con-
wined 7-10 ¢cm of reversed phase material. A Surveyor pump (Thermo Finnigan, San Jose, CA)
produced the 35 min gradients. An LCQ ion trap mass spectrometer (Thermo Finnigan, San Jose,
CA) acquired spectra for the sample.

The MudPIT separations employed three phase columns 13, Each consisted of 7 cm of reversed
phase material, 3 cm of strong cation exchanger, and 3 cm of material for the initial loading of the

peptides. The MAP sample was separated in six cycles of chromatography, produced by a Thermo
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Finnigan Surveyor pump (San Jose, CA). Buffer C percentages for this separation are given in Table
5.2, Peptides were electrosprayed directly into a Thermo Finnigan LCQ mass spectrometer. The
bippocampal homogenate was analyzed by a twelve cycle MudPIT, driven by an Agilent 1100 qua-
ternary HPLC pump (Palo Alto, CA). The concentrations of buffer C appear in Table 5.3. Peptides
were electrosprayed directly into an LCQ Deca mass spectrometer (Thermo Finnigan, San Jose,
CA). The XCalibur control software managed the acquisition of spectra on both the LCQ and LCQ
Deca instruments. Dynamic exclusion was configured to maintain a list of the last 50 masses frag-
mented, with masses excluded for a duration of 25 MS scans. The pattern of acquisition was set to

produce an MS scan followed by three MS/MS scans.

3.2.3  Peptide identification and assembly

The 2103 algorithm '* was applied to the obtained MS/MS spectra to remove spectral copies with
incorrect charge state assignments. The normalized version of SEQUEST '* was used to identify the
spectra, using monoisotopic masses for fragment ions. Because all the samples had been reduced
and alkylated, a mass of 160 was used for all cysteines rather than 103 in the SEQUEST search.
The gel band spectra were analyzed against the RefSeq Homo sapiens sequence database '©. The
MAP sample was identified with a custom database including | 180 proteins drawn from RefSeq.
The hippocampal homogenate was matched to a database consisting of RetSeq’s Homo sapiens, rat,

and mouse databases.

DTASelect !7 assembled and filtered the identifications, removing spectra with normalized XCorts
below 0.3, retaining spectra that matched their identifications well and removing those that were
identified poorly. This threshold passes approximately 12% of the identifications in MudPIT re-
sults. In addition, DTASelect was configured to require identifications to have sequences of at least
six residues, and the top sequence score for each spectrum was required to exceed the second best
score by 8%. Proteins with only one peptide passing these criteria were included: multiple peptides
were not required for protein inclusion. If multiple spectral copies of the same sequence, precursor

charge, and modification were retained, they were counted as a single peptide.
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5.2.4  NoDupe algorithm

Softwarc named “NoDupe™ was created in the Java programming language to analyze spectral sim-
ilarity. To reduce the complexity of the spectra, NoDupe preprocesses the spectra before comparing
them. The spectra are grouped on the basis of their simifarities, and a report is created for review via
spreadsheet. NoDupe can optionally remove the duplicate spectra from each Jiquid chromatography
run, keeping one spectrum from each cluster of similar spectra,

NoDupe reads spectra from SEQUEST s unified MS/MS file format ' All fragment ion spectra
produced for a cycle of chromatography are read into memory. The fragment ions are assigned to
bins §.00057 m/z wide to abstract away minor variations in recorded m/z values for peaks. If two
succeeding peaks fall within the same m/z bin, their intensities are added together. Each peak’s
intensity is normalized by the sum of the peak intensities for the spectrum. To emphasize smaller
peaks. all intensities are square-rooted .

Because a large proportion of the peaks in peptide fragment ion spectra are very low in intensity,
NoDupe removes these peaks to prevent dilution of the similarity measurements. The sum of the
intensities” square roots is calculated, and the peaks are sorted in order of decreasing intensity. Peaks
are accepted into the final list of peaks unti! their sum is greater than half the sum of square roots.
Spectra in which the intensity is concentrated in very few peaks will have a larger proportion of
peaks removed than those in which intensity is spread over a larger number of major peaks. See
Figure 5.1 for examples of the preprocessing results.

Once all spectra are preprocessed, the scans are sorted by precursor m/z. The spectral contrast
angle is computed for pairs of spectra with precursors within 3 m/z of each other. The angle equation

15 defined as:
Yigig

) )
Vo ia L in

where ¢ is the spectral contrast angle, ¢, is a peak intensity from spectrum A, and ip is a peak

T st =

intensity from spectrum 3. In essence, if both spectra have a peak at a particular m/z, the intensities
are multiplied together and added to the top sum. For all peaks in either spectrum, the intensity is
squared and added to one or the other sum on the bottom. Only those peaks found in both spectra

will contribute to the top sum.

If two spectra are identical, their angle will be zero, while two completely dissimilar spectra
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Figure 5.1: Preprocessing may alter spectra considerably. Intensities are square-rooted, resulting in
increased significance for less intense peaks. Because only the most intense peaks are retained after
the intensity quota, peak counts are reduced. Scan 784 reduced from 478 peaks to 120. Scan 4082
reduced from 235 to 77 peaks. All other figures show spectra prior to preprocessing.
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Figure 5.2: The {our spectra above were found in the sixth cycle of the MAP sample MudPIT. Scans
2494 and 2458 are the closest match with an angle of 0.812 radians. Scan 2987 is different enough
from the others that it bears only marginal similarity to scans 2458 and 2494. Although 2566 rates
as similar to both 2458 and 2494, it is not similur enough to scan 2987 to be grouped with it.

give a right angle (7/2 radians). The spectral contrast angle is commutative: a paiv of spectra will
yield the same angle whether A is compared to B or vice versa. The comparison can be written as
a cosequential algorithm; the angle can be computed in time proportional to the number of peaks
included. See Figure 5.2 for examples of this measure.

As shown in Figure 5.3, there was not a clear delineation between significant and insignificant
spectral contrast angles. Spectra that are dissimiiar to all others form a mass of high spectral con-
rast angles at the top of the figure, but the extent of this mass is ambiguous. Groups of spectra

which SEQUEST identified as representing the same peptide sequence were analyzed visually to
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determine the maximum spectral contrast angle likely to indicate genuine similarity. A similarity
angle cutoff of 1.1 radians (approximately 60%) was chosen to divide significant from insignificant
spectral contrast angles. A lower cutoff would be more selective about which spectral pairs are
named as similar, but the normal variation of fragment ion spectra sometimes produces pairs which
yield 1.1 radian spectral contrast angles.

For each spectrum, the number of spectra matching with a similarity angle below 1.1 radians
is recorded ag the spectrum’s “match count” A spectrum is marked as a duplicate if a similar
spectrum has a higher match count. H the two most representative spectra for a group have the same

match counts, the one for which the larger proportion of peaks was removed during preprocessing

is retained.

5.3 Results and discussion

Because the extent of duplication among acquired spectra may depend upon sample type and chro-
matographic technique, the similarity algorithm was tried on three different sets of data. The sim-
plest sample included {8 reversed-phase gradients on in-gei digests ot 1D gel bands (see Tabie
5.1 For a sample of intermediate complexity, a six-step MudP]T of more than 200 microtubule-
associated proteins was processed (see Table 5.2). To gauge results for a complex sample, an un-

fractionated rat hippocampal homogenate was analyzed by twelve-step MudPIT (see Table 5.3).

3.1 Preprocessing
i 8

The three samples differed in complexity, chromatography, and mass spectrometry. One way to
compare them is by the number of tandem mass spectra which were produced per minute of separa-
tion. In the gel bands, an average of 18.3 spectra were produced for each minute of separation. This
average was 24.2 for the six-cycle MudPIT of the MAP proteins. The rat hippocampus 12-cvcle
MudPIT yielded a higher density of sampling at 34.6 spectra per minute. One cause of this diversity
was the sample complexity: among the gel bands, the sample with the fewest peptides present also
vielded the fewest spectra, averaging 9.6 spectra a minute. The least complex MudPIT cycles were
equivalent to the most complex gel band separations in spectra produced per minute,

The spectra varied considerably in the numbers of peaks they included. The doubly-charged
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Figure 5.3: The second of six cycles in the MAP sample MudPIT analysis was analyzed by NoDupe.
Each of 2761 spectra is represented by a circle, positioned to indicate the angle to the best matching
spectrum in the cycle and the m/z of the peptide ion which yielded the spectrum. Large groups of
spectra for the same peptide wmay form vertical streaks of overlapping circles. Only the matches
below the line at }.! radians are considered significant by NoDupe. Spectra too distant from neigh-
boring spectra may not be compared to any spectra and are shown here as having zero angles.
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Table 5.1: Eighteen gel bands were analyzed by RPLC / MS / SEQUEST. A total of 776 different
peptides were confidently identified from these spectra (284 were found in multiple bands), When
NoDupe removed duplicate spectra prior to SEQUEST s use. 33 peptides were not identfied. This
loss of 49 of the sequences resulted from removing 18% of the spectra judged 1o be duplicates, The
retained representative spectra did not score as highly as the removed duplicates.

Gel Band | Spectra 9% Matched % Duplicate | Pep Before Pep After
1 606 28% 23% 65 64
2 684 27% 22% 59 56
3 560 26% 22% 64 62
4 665 15% 11% 62 60
5 660 8% 5% 66 66
6 576 22% 16% 62 59
7 690 18% 12% 44 43
8 687 11% 8% 53 53
9 615 12% 8% 90 90
10 740 22% 16% 55 53
11 724 27% 20% 60 55
12 336 49% 45% 22 20
13 583 23% 16% 56 55
i4 758 30% 2% 62 57
15 559 19% 16% 42 4]
16 621 20% 15% 84 79
17 782 32% 24% 78 72
18 685 38% 30% 36 32
All 11531 23% 8% 776 743
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Table 5.2: A sample of approximately 200 microtubule associated proteins was separated by a six-
cycle MudPIT. Of the 1044 identified peptides. 209 were found in multiple cycles of chromatogra-
phy. Twelve percent of the identifications were tost if only one representative spectrum was retained

from each group of similar spectra. The initial cycle of the MudPIT included many more duplicate
spectra than other cycles,

Cycle Salt Conc. | Spectra % Matched % Duplicate | Pep Before Pep After
i 0% 2891 60% 47% 174 114
2 10% 2761 34% 26% 204 177
3 25% 2445 42% 36% 147 123
4 50% 2770 27% 19% 296 288
5 80% 2810 25% 19% 274 255
0 100% 2956 26% 21% 158 142
All 16633 30% 28% 1044 916

actin peptide VAPEEHPVLLTEAPLNPK appeared 35 times among the gel band data, the most for
any peptide. The average number of peaks for these spectra was 303 with a standard deviation of 77.
After the preprocessing in NoDupe, the average number of peaks in these spectra decreased to 74,
and the relative standard deviation diminished from 26% to 20%. The preprocessing step removed
approximately 70% of the peaks in spectra. See Figure 5.1 for two additional examples of the effects

of preprocessing.

3.3.2  Spectral similarity characterization

Spectral duplication wis common in these collections. Among the gel bunds. 23% of spectra yielded
similarity angles below 1.1 radians to at least one other spectrum in the same band., For MudPIT
resudts, the rate was even higher. In the MAP sample, 36% of the spectra were similar to another
within the sume salt cycle, and 33% of the spectra in the hippocampus sample were similar to others
within the same MudPIT cvcle. Individual reversed phase gradients varied considerably from these
percentages; gel band five contained only 8% similar spectra. while 60% of the spectra from the first

cycle of the MAP sample were similar to others within the cycle.



Table 5.3: A rat hippocampus was analyzed by a twelve-cycle MudPIT. Fourteen percent of the
peptide identifications were lost when duplicate spectra were removed. Of the 4308 peptide identi-
hcations. 563 were found in multiple cycles. As seen in the MAP sample MudPIT. the initial cycles

contained a higher proportion of duplicates. The final cycle shows an increase in duplication relative
1o the preceding cycles.

Cycle

Salt Cone.

Spectra % Matched % Duplicates | Pep Before Pep After
1 0% 3528 37% 3% 214 166
2 10% 3219 39% 35% i54 110
3 [5% 3269 40% 36% 174 33
4 20% 4041 37% 29% 565 503
5 25% 4175 37% 28% 555 307
6 30% 4241 30% 21% 467 425
7 35% 4233 28% 20% 449 393
8 40% 4191 30% 21% 510 449
9 45% 4153 30% 21% 526 448
10 50% 4072 26% 18% 467 407
H 60% 4049 24% 17% 426 381
12 100% 3894 37% 2% 364 252
All 47065  33% 25% 4308 3685




Clusters were assessed among the similar spectra. On average, there were 4.2 spectra per group
in the gel band data, though the mean ranged from 2.7 to 2.5 spectra in individual bands. The
average cluster size in the MAP sample was 4.6 spectra, and the average group size for the hip-
pocampus sample was 4.5 spectra. The most common type of group was the spectral pair: among
spectra matching at least one other in the gel band data, 35% were in pairs. In the MAP sampie, 27%
of spectra showing similarity were in pairs, and 30% were members of pairs in the hippocampus
spectra. Excluding groups consisting of single spectra, the gel band data averaged 36 groups per
band. The larger numbers of spectra in the MudPIT separations corresponded to larger numbers of
groups: 215 groups per cycle in the MAP sample and 285 in the hippocampus sample. The spectrum
representing the peptide ELGGY was the most commeon overall, appearing 120 times in the third
cycle of the hippocampus analysis.

The second cycle of the MAP sample MudPIT showed typical similarity for this sample. Ofits
spectra, 34% were similar to others, and 26% could be removed as duplicates. The best similarity
angle for each of the 2761 spectra in this cycle is displayed in Figure 5.3. Approximately two-thirds
of the spectra showed insignificant similarity to any spectrum and formed a mass at the top of the

Figure.

]

5.3.3  Peptide identification and similarity clustering

NoDupe was employed to test the effect of removing duplicate spectra on SEQUEST results. 1f
retaining only the most representative spectra from spectral clusters did not result in peptide iden-
tification loss, a considerable amount of processing time could be saved. The results, however,
showed that high-confidence peptide identifications are lost when duplicates are removed. Of the
identifications with normalized XCortrs above 0.3, 4% were removed among the duplicates in the
gel band data, 12% no longer appeared in the MAP sample MudPIT, and 14% were removed in the
rat hippocampus MudPIT. A comparison of proteins identified with and without duplicate spectrum
removal shows a similar trend; 5% of the gel band proteins were no longer identified, while 9% and
[9% of MAP and rat hippocamipus proteins were lost. Simple removal of duplicate spectra resulted
in lost identifications,

Figure 5.4 gives an example of an identification which is lost if NoDupe removes duplicates.
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Figure 5.4: Scans 452 and 49! yield a spectral contrast angle of 0.847 radians. Of the pair, 491 is
judged by NoDupe to be the better representative. When 452 is removed from the collection, how-
ever, the peptide KLLSAEER is no longer identified (this sequence ranks third for scan 491). The
differences between these spectra may be the result of a co-eluting peptide in scan 491. A peptide
identification algorithm which takes similarity into account could process these spectra simultane-
ously. saving time and retaining this peptide identification.

Scans 452 and 491 score as similar to each other with an angle of 0.847 radians. Since there are
only two spectra in this group, choosing the more representative is arbitrary. NoDupe retains the
spectrum with the largest proportion of peaks removed, and so scan 491 is preferred to 452 (21% of
peaks remaining vs. 249%). Since pairs are the most common group size. the means by which ties
are broken is significant in determining the loss of peptide identifications.

The peptide IVQVVTAEAVAV LK is represented by 185 spectra in the MAP sample (see Figure
5.5). Five of the six cycles of chromatography include this peptide: 9 in cycle two, 11 in cycle three.
19 in cycle four, 58 in cycle five, and 88 in cycle six. Within cycle six, the spectrum assigned the best
normalized XCorr (0.754) is scan 2302. NoDupe, however, selects scan 2014 as most representative
(both 2014 and 2302 match to 86 other spectra in the cycle, and so the proportion of peaks retained
after preprocessing is used to break the tie). Scan 4892 is assigned the same sequence as the others
by SEQUEST. but NoDupe did not find it sufficiently similar to any of the other spectra for grouping.
In this example, NoDupe's grouping corresponded very closely to SEQUESTs results.

Although NoDupe compares spectra within an individual liquid chromatography separation, it is
apparent that spectra in multiple separation cycles can be similar to each other. In the MAP sample
MudPiT (see Table 5.2), 1044 different peptides were observed overall, but the sum of peptide

identifications for cach cycle was 1253: 209 of the identifications were identical to those in other
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Figure 5.5: Scan 2302 is the spectrum representing IVQVVTAEAVAVLK which yields the best
normalized XCorr (0.754). The spectrum NoDupe choses as most representative of the group of
88 spectra is scan 2014, Scan 1619 is shown as a variant form of this spectrum, grouped correctly
by NoDupe and identified by SEQUEST as representing the same peptide sequence. SEQUEST
identifies scan 4892 as being the same sequence as the others, but its similarity was insufficient for
NoDupe to include it in the group.
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cycles. Similar results were observed for the hippocampus MudPIT (see Table 5.3), where 4308
different peptides were observed overall, but the sum of identifications for individual cycles was
4871. Surprisingly. the gel band data also showed considerable overlap. A total of 776 different
peptides were observed overall, but the sum of peptide counts for each ge!l band was 1060 peptides.
Similarity may exist between specira which resulted from different separation conditions.

Peptides may elute in multiple ammonium acetate salt steps due to several causes. A particu-
lar peptide’s superabundance may result in chromatographic peak broadening. On a larger scale,
overloading a column may reduce resolution for all peptides. Dead volume between the pumps and
the column may result in apparent carryover between muitiple steps of a MudPIT through delay of
the highest hydrophobicity solvent mixture, The use of a step gradient rather than a linear gradient
for the first dimension of separation may diminish its separative capacity 2°; the pI ranges of pep-
tides eluting in adjacent salt steps generally overlap *!. Taken together, these causes may result in

multiple elutions of individual peptides.

34 Conclusion

Thix application of the dot-product algorithm reveals the degree of duplication present among spec-
tra resulting from liquid chromatographic separations of peptides for tandem mass spectrometry. In
gel bands, the proportion of duplicate spectra ranged from 5 to 45%, and MudPIT separations varied
from 17 w0 47%. Spectra bearing similarity 1o others are often members of pairs. but some clusters
may be far larger in size. This use of the dot-product algorithm treats experimental spectra as the
library, revealing the structure of the data before peptide identification software is employed.
Cuwrently, SEQUEST and other peptide identification algorithms handle each spectrum as an
independent entity, whether or not a spectrum is similar to others. A more efficient way to deal with
duplication among proteomic spectra is to process similar spectra in parallel. 1f spectra are initially
grouped by similarity, they can be treated as a unit during identification for substangial time savings.
For example, several spectra may result from a peptide ion with a particular m/z. The precursor
m/z measurements for each spectrum may vary slightly, but a similarity algorithm could note their
fragment ion similarities and group them. A more accurate precwrsor m/z could be calculated from

the multiple spectra. The peptide identification algorithm could then draw its candidate sequences
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from the database. Instead of finding the best sequence for each spectrum independently, though,
the algorithm would find the sequence which produces the best hit against any of the spectra and
then assign that sequence to all of the spectra in the group.

Such an algorithm would outperform traditional peptide identification algorithms in several
ways. In a yeast database search, approximately half of SEQUEST's time is taken in searching
the database for candidate peptides and calculating preliminary scores for them. This proportion
increases with database size. If similar spectra are grouped, the candidate peptides can be selected
from the database once for each group rather than once for each spectrum, Because the precursor
m/z measurements would be more accurate, a narrower mass window could be employed for se-
lecting candidate sequences, reducing their number. In addition, calculating preliminary scoring in
parallel for the group rather than serially for spectra would be more efficient. As database sizes
increase, greater amounts of processing time could be saved by this technique.

An important result of processing similar spectra as groups would be that lower quality spectra
are assigned sequences which correspond to the higher quality spectra.in their groups. For example,
if a peptide has a prominent neutral loss, some spectra may be so dominated by the precursor neutral
loss that littfe fragment ion information is present. If these spectra are associated with spectra with
more informative fragment ions, however, their sequences can be correctly assigned. As spectral
collections increase in size, the chance of a hit to any protein in a database increases. Grouping the
spectra by similarity before identification would help alleviate this random matching.

The differences between similar spectra may be useful for peptide identification. 1f one variant of
a spectrum shows fragment ions more clearly at low m/z values and another shows them more clearly
in the high m/z region, these two spectra together could yield a more accurate peptide identification
than either could separately. The creation of such an algorithm would require more sophistication
than the modification described above, but it may be the case that such an algorithm would yield
higher accuracy in peptide identifications than is currently possible.

Similarity matching among uninterpreted spectra has other possible applications. For example,
spectral libraries would be most effective if they contained representative spectra rather than ran-
domly chosen ones. Another use would flag spectra which group by similarity but receive different
sequence identifications for subsequent manual or de novo examination. Pevzner er af suggested that

similarity algorithms could match modified and unmodified variants of peptide spectra or match
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veptide spectra which have overlapping sequences '2. The extent of similarity among proteomic
t=1 (=

spectral collections is a feature which proteomic software should exploit.
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Chapter 6

CREATION OF HIGH-THROUGHPUT, ACCURATE SEQUENCE TAGGING
ALGORITHM

6.! Introduction

Algorithms which search for peptide sequences to identify tandem mass spectra can be classified
by the way in which they limit the search. By far the most commonly used class of algorithms
limits the sequence search to peptides found in protein sequence databases. The database searching
approach, exemplified in the SEQUEST | and Mascot 2 algorithms, is limited to those spectra that
correspond to known sequences. Another class of algorithms combinatorially assmbles amino acid
residue masses until the appropriate peptide mass is reached. The list of candidates is compared
to the spectrum and vanked accordingly. Because the numbers of possible sequences grows very
rapidly with peptide mass, this technique is applicable only to spectra of the smallest peptides 3
De novo algorithms attempt to deduce the amino acid sequence based on the fragment ion peak-to-
peak mass differences. Mann proposed the “sequence tagging™ approach to peptide identification
' which uses elements of both database search and de nove approaches; a short sequence “tag” is
inferred manually from the spectrum, and then database lookup finds complete peptide sequences
which match this sequence and the sequence masses flanking it. Because algorithms 1o infer tag
sequences have had limited accuracy, this technigue has been applicable only to spectra where the

partial sequences can be derived manually.

All of these algorithms rely upon models which relate a tandem mass spectrum to a particular
sequence. In database searching, theoretical spectra are constructed from candidate sequences, and
then the theoretical spectra are compared to the observed one. In de iovo algorithms, & sequence
is inferred from the spectram. Most models currently in use. however, do not reflect the complex
chemistry underlying the formation of tandem mass spectra, described in Chapter 4. Une common

approach expects all ions from the y series to be uniformly intense, while all ions from the b series
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are modeled at a uniform lower intensity. Chemical and statistical research, however, has established
that instrumentation and sequence composition can influence fragmentation, causing some ions o

be very intense while occulting others 5.

Bartelss publication of a peptide sequence inference algorithm based upon the concept of a
“sequence spectrum” © has been influential in shaping subsequent de nove algorithms. Sherenga 7,
Lutefisk ¥, and SegMS$ ? have all used this approach, which transforms the observed spectrum into a
directed graph from which the sequence can be deduced. The sequence graph containg nodes which
represent collections of peaks in the original spectrum; for example, if a spectrum for a peptide
of mass 1000.0 Da contains jons at m/z 172.0, 200.0, and 800.0. these may represent «. b. and v
ions, respectively, leading to a node in the sequence graph. Sequences which explain the nodes
with higest probability are those most likely to correspond to the sequence of the peptide. This
“sequence spectrum™ approach attempts to assess the series for each observed ion before possible
sequences are generated for the spectrum. As a result, the influence of sequence on the intensity
and presence of ions cannot be part of this series assessment, Statistical analyses, however, have
shown that particular amino acid residues can influence the intensities of neighboring fragment ions
significantly (again, see Chapter 4). Attempting to determine fragment ion identity without the

sequence context is prone to error.

In this chapter, [ describe GutenTag, a new sequence tagging algorithm with several advantages
over existing approaches. First, the software automates the inference of sequence tags from the
spectrum using a more accurate model of spectral intensity, making it possible to apply sequence
tagging in large-scale analyses. In addition. it simultaneously queries the sequence database for
the top tag sequences with improved performance. In most cases, multiple database sequences will
match sequence tags for each spectrum, but the algorithm selects the best match by an efficient
scorer. The program is capable of comparing partial sequences to spectra, enabling it to identify
post-translationally modified peptide spectra or to identify peptides for proteins which have incorrect
or variant database sequences. I compare GutenTag identifications to those of SEQUEST for a
defined mixture of proteins including both modified and unmodified peptides. An examination of

human lens crystallins helps to demonstrate the importance of matching peptides with unspecified

modifications and / or sequence errors.
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6.2 Experimemntal section
6.2.1  Training set preparation

The extraction. digestion, separation, and mass spectrometry of the peptides used as GuienTag's
training set were previously described in Chapter 4. Proteins from a culture of Saccharomyces
cerevisiae (strain 1560) were divided into peliet and supernatant fractions and then reduced and
alkylated. The pellet fraction was digested by CNBr, Endoproteinase Lys-C, and trypsin, while
the supernatant fraction was digested by Endoproteinase Lys-C and trypsin, Twelve-cycle Mud-
PITs " analyzed the soluble fraction twice and the pellet fraction once, Spectra were identified
with Normalized SEQUEST ', and identifications were assembled by DTASelect 2. The 1437
identifications allowed into the training set met each of the following criteria: the precursor was

doubly-charged, XCorr > 0,45, and the peptide was not post-translationally modified.

6.2.2  Defined mixture preparation

The defined protein mixture was previously described by MacCoss ef al. 3, A mixture of the
five proteins was reduced and alklyated before being divided into four aliguots. Aliquot 1 was
digested with tryptin, aliquot 2 was digested by elastase, aliquot 3 was digested by subtilisin, and
aliquot 4 was digested by proteinase K. Only aliquots 1 and 4 were used for the comparison between
GutenTag and SEQUEST. Each aliquot was then separated by a six-cycle MudPIT anatysis. A
database consisting of proteins identified in the sample (both contaminants and known contents)

was appended to the S. cerevisiae ORF database. Normalized SEQUEST and GutenTag both used

this database for identification.

6.2.3  Lens sample preparation

The lens sample preparation was previously described by MacCoss er al. 14, Tissues were ob-
tained from a 4.25-year-old congenital cataract pmieﬁt. After extraction and solubilization, proteins
were reduced and carboxyamidomethylated. The mixture was digested with trypsin. The sample
was analyzed via an 18-cycle MudPIT separation. Prior SEQUEST analysis included the following

modifications: phosphorylation, oxidation, methylation, and acetylation. GutenTag identifications



employed a database consisting of previously identified protein components and the S. cerevisiae
ORF database (as distractors). Follow-up SEQUEST searches used a database consisting of previ-

ously identified protein components,

6.2.4  GurenTag algorithin

Software in the Java programming language was created to preprocess spectra, infer sequence tags
lrom them, search a database for these tag sequences, and evaluate the peptide sequences resuit-
ing from these searches (see Figure 6.1). Aithough the software was developed under Microsoft
Windows 2000. it runs equally well on Linux and other operating systems which support Java Vir-
twal Machines. With a database of 6300 proteins (such as the S, cerevisiae database), the softwire
requires approximately one second per spectrum on an AMD Athlon XP 1700+, and the time re-
quired scales roughly linearly with the size of the database. GutenTag relies upon an analysis ol its
training set 13; the mode! it uses for estimating fragment ion peak intensities is derived from spectra

produced in a tryptic digest of a yeast proteome.

Preprocessing

Deisotoping the spectrum is necessary to remove peaks which would introduce spurious sequences.
In essence, the fewer peaks in a spectrum, the fewer the possible sequences. Fragment ion isotope
peaks result from the natural isotope distributions of the elements. Since approximately 1% of
carbon atoms contain seven neutrons rather than six neutrons, a fragment ion containing tens of
these atoms has a reasonable chance of containing at feast one more neutron than others. GutenTag's
deisotoper calculates how much of each peak’s intensity is likely to be the result of peaks which
appear at Jower m/z values and removes that amount of intensity from the peak. Peaks which are fess
intense than estimated in the isotope distribution are removed. The technigue used for estimating
intensity distributions was published by '¢,

Because ion trap mass spectrometers have relatively low mass accuracies, the precursor peptide’s
observed mass may be higher than the monoisotopic mass of the precursor due 1o additional neutrons
or due to measurement error. Knowing the mass accurately is important to align b ions with v

ions correctly, Because each pair of b and y ion constitutes an independent measurement of the
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1. Generate sequence tags

1ot I.,..ALEIJ. 11[:‘”'*'l‘.‘;" i! .j.l.l!lu'll..lhiﬁ” l |l BNy :l.i.}.h... l‘a_. l.] i .l‘_.‘n
2. Search DB for matches

DDG — -DDGNSDRS

YVD —» -YVDVNKFKD
vDD 3 KLLSYVDDEAFIR
DDE —» EGDEANSDDEEEDL
DDV —* -DDVDIDEN

VVD — SSCTAVVD-

DVY — AFQYLKDVY-
3. Score DB Sequences

KLLSYVDDEAFIR 19.36
-DDVDIDEN 8.56
-DDGNSDRS 6.94
-YVDVNKFKD 6.25
SSCTAVVD- 5.74
EGDEANSDDEEEDL 5.64
AFQYLKDVY- 5.61

Figure 6.1: GutenTag infers short sequences directly from euach spectrum. The best sequence tags
are sought in a sequence database to find peptide sequences which match a tag sequence and at
jeast one flanking sequence mass. These partial and complete peptide sequences are ranked by
dot product score. In the above example. three tag sequences match to the same complete peptide
sequence. This complete sequence scores more highly by dot product than the other sequences.
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precursor mass, it is possible to improve the mass calculation frem the complementury peak puirs
in the spectrum. GuienTag serially subtracts 0, [, and 2 neutrons from the observed precursor mass
to determine which causes b and v ions to align optimally, and then the complementary pairs are
summed to re-estimate the monoisotopic. singly-charged mass of the peptide ion,

GutenTag uses the re-estimated peptide mass to pair b and ¥ fragment jons. The mass of a b
ion plus the mass of the complementary v ion is equal to the mass of the singly-charged peptide
precursor ion plus one proton. For each peak, the most intense complementary peak within m/z
tolerance is assigned as the complement ion. Prior studies have shown that 84% of b ions and 90%
of v ions are present at measurable intensity for these spectra ', und so the presence of b ions can
corroborate the information present in v ions.

The final step in preprocessing finds pairs of peaks separated by the residue masses of amino
acids. The spectrum is looped through once for each amino acid mass. The software finds pairs of
fragment ions separated by the masses of amino acid residues and stores the links for later sequence
generation. In essence. the peaks in the spectrum act as nodes in a graph. with edges linking them
to other peaks which appear at appropriate mass gaps. Since GuienTag is designed to handle only
doubly charged peptide spectra, it assumes all fragment ions are singly‘charged. and m/z can be

assessed as identical with mass.

Sequence construction

Gencrating possible sequences from the peaks and gaps observed in the spectrum is a recursive
process. The example in Figure 6.2 gives an example of six peaks with five links among them. Pealk
A is an amino acid mass away from peaks B and C. Peak B shows appopriate gaps to peaks D and
E. and peak C is a proper distance away from peak F. When the recursion begins at peak A, it first
uses the fink to peak B for construction. Peak B’s link to D completes the first two-residue sequence
tag constructed (A-B-D), and then peak B’s link to peak E is followed to produce the second tag
(A-B-E). After these possibilities are exhausted, the recursion proceeds from peak A through peak
C. constructing the A-C-E tag and then the A-C-F tag. Since three peaks are incorporated in each

tag, the sequences contain two amino acids.

GutenTag is configured to accept 4 minimum and maximum sequence length. Whenever a tag



Figure 6.2: The peaks of each spectrum constitute nodes in a directed graph. Only those peaks
separated by an amino acid’s mass are connected by edges. By recursively traversing these edges
{rom low to high m/z, sequence tags can be inferred from the spectrum.

is generated of appropriate Iength. the sequence is passed to the scorer for examination. If a tag
is the maximum sequence length, the recursion is allowed to go no further. Seguence tags are
only compared to other sequence tags of the same length. A configurable number of tags of each

length are kept; the thousands of possible tags which cun be inferred from a single spectrum would

otherwise swamp memory.

Maodel construction

After a sequence tag has been constructed. GutenTag models the intensity and m/z of each peak
expected to appear in the tag. The peaks used in the recursion are assumed to be v ions, and their
complementary peaks are handled as & ions. Intensities and m/z for each expected fragment ion are
estimated as described below.

GutenTag can estimate a v or » ion's intensity based on the fragment ion’s mass divided by
the intact peptide’s mass. While b ions are fairly uniform in intensity throughout the spectrum, v
ions crest prominently two-thirds of the way through. GutenTag uses a fourth degree polynomial to
model each of these distributions. If the equation returns a value less than zero intensity, the peak’s
fntensity is modeled as zero. See Figure 6.3 For a comparison of the model to the obscrved median
intensities for both series.

Individual fragment ions may vary in intensity due to the amino acid residues flanking them in
the intact peptide. Proline. for example, has long been known to augment fragmentation to its N-
terminal side while significantly diminishing C-terminal fragmentation, GutenTag incorparates the

influences of the two neighboring amino acid residues for estimating each fragment ion’s intensity.
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Relative mass intensity models
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Figure 6.3: The ratio of a fragment ion’s mass to the intact peptide’s mass can be used w0 estimate
the intensity of the fragment ion. The empty circles above show the mean intensity of y ions within
a range of relative mass. The filled circles are mean intensities of b ions. GutenTag uses quartic
equations to produce its estimates of peak intensities, shown here by lines traversing the graph.
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The influence of each amino acid is read as an “N-bias™ value from a configuration file 3, Each
N-bias reports the ratio of intensities expected for the two peaks bordering a specific amino acid.
GutenTag divides the ratio of the C-terminal residue by the N-terminal N-bias ratio. In effect. a high
N-bias amino acid to the N-terminal side diminishes expected intensity. while a high C-terminal
N-bias increases it.

GutenTag adjusts the modeled m/z values of the peaks in each sequence tag. It may initially
seem unnecessary to estimate the true m/z values for the fragment ions in the sequence tags: the
sequences can be generated only if the peaks are separated by the masses of amino acids. It is more
accurate to state that the peaks are separated by the masses of amino acids within a set tolerance.
Successive amino acid gaps may be slightly wider or narrower than predicted. causing sequence tags
to align better with observed peaks in some positions than in others. GutenTag finds the optimal
m/z position for the sequence tag to minimize the overall d'stance between observed and expected

peak locations. By performing this alignment. GutenTag can use deviations between expected and

observed m/z values in its scoring of individual tags.

Sequence tag evaluation

In some ways, evaluating a sequence tag is more challenging than evaluating a full peptide sequence.
if the complete peptide sequence is being predicted. each observed peak may be explained by the
correct sequence. A sequence tag. however, can account for only a portion of the spectrum. As a
resuit, the information available to score a predicted tag is less than is available to score a full peptide
sequence. To compensate for this difficulty, GutenTag makes use of a two-dimensional evaluation
scheme. Both & and v ions are included in intensity scoring. but only y ions are included in m/z
scoring.

Scoring intensities is complex because fragment ion intensities do not form Gaussian distri-
butions. Instead. a very small proportion of peaks are intense, while most peaks are quite small.
GutenTag transforms peak intensities to a-probability domain in order to analyze them: instead of
noting that a peak comprises approximately 1% of the spectrum’s intensity, GutenTag computes that

the peak is taller than 50% of v ions. To handle this transformation, GutenTag uses equations of the



88

y ion intensity b ion intensity

-1 o0
s @7 = &
3 K]
g £
& =z
g E
a 2
= =
v 3 oad
g2 s i s
3 E}
a @
5 &
5 - s .
e & % -
£ g -
= e
8 &
& &
o~
- o
= o é?
T T 1 i T T T i ] T T 1
o 1 2 3 4 5 & 0.0 0.5 10 15 20 25

Intensity (as parcent of 1otal Spectrun signalt Intensity (as percenl of total spactrum signaly

Figure 6.4 The observed distributions of 5 and v ions are shown by the series of circles in each
of the two cumulative density functions above. The equation used by GutenTag to model these

functions is superimposed as a line on each graph. The equations differ from the observed values in
part because the function passes through (0,0) and (1.1).

torm
: —-Cr

L (6.1)
to model the cumulative density functions of these distributions. Given the intensity (7) of a peak and
the constant for the peak’s ion series ((7), the function returns the percentage of fragment ions which
are less intense (P). A missing peak has zero intensity and is modelled in the zeroth percentile,
while a peak in a single-peak spectrum is modelled as the 100th percentile. The constant is chosen
to minimize Kolmogorov-Smimov '® deviation from the observed intensity distribution from the
appropriate series of ions. See Figure 6.4 for a graphical representation of this model.

The intensity score for each peak is found by determining the modelled percentage of b or v ions
falling between the observed and calculated intensities. If the observed ¥ ton peak, for example, is
more intense than 70% of v ions and the calculated peak is more intense than 50% of these ions. the
absolute difference between these measures is 20%. The difference between modeled and observed
intensities is subtracted from one to yield an intensity score of 0.8. If a peak is missing, the score

will be lower if a more intense peak is modeled in its location than if a minor peak is modeled there.
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These intensity scores are multiplied together for the & and v ions.

The degree to which observed v ion m/z values maich those calculated for the sequence tag
is evaluated in a similar way. The same equation used to model the intensity cumulative density
functions is applied to model the differences between observed and expected m/z values. Given
the absolute m/z difference. the equation returns the modelled percentage of fragment ions which
would be found nearer to the expected location. These values are subtracted trom one and mutltiplied
together. Ions from the b series are not included because they may be absent: v ions are guaranteed
o be found because they were used to generaie the sequence being scored.

The final score for a sequence tag. then. has three compeonents: the v ion intensity score, the b
ion intensity score. and the v ion m/z score. These three scores are multiplied together to creaie the
tag score. A perfect tag includes only peaks that are exactly as intense as modelled and which are
found at the precise m/z values predicted and scores 1.0. Tags that include larger numbers of peaks

have more opportunities for ervor and thus can be expected to score lower than shorter tags.

Darabase search and sequence evaluation

Once the sequence tags for a spectrum have been infered and ranked by their scores. a sequence
database can be searched for these short sequences. Rather than search the database once for each
top-ranking tag. GutenTag employs an technique to search for all tags simultaneously 20, Briefly,
this algorithm assembles the tag sequences into a search tree, and the tree is traversed as the program
moves through the sequence database (see Figure 6.5 for an example). The database is loaded into
memory at the start of processing for the full set of spectra in order to speed this process.

If a sequence tag is matched to the database sequence, the program next checks whether or not
the flanking sequences match the known masses to the N-terminal and C-terminal sides of the tag. If
both masses are matched within 1.5 Da, the full spectrum may be explained by the peptide sequence.
If only one of the two masses match, one end of the database peptide matches the spectrum while
the other does not. In this way. mis-sequenced or post-transiationally modified peptides may be
identified.

Typicailv. GuienTag will identify several candidate sequences to explain each spectrum. To

evaluate these candidates. the program will compute the my/z ratios and intensities expected for
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Figure 6.5: Once a set of sequence tags has been infered from the spectrum. GutenTag assembles the
tag sequences into a tree to find more rapidly each occurence of each tag in the sequence database.
In this examiple tree, 25 tag sequences are stored. The 25 tags all begin with one of seven letters: D,
L K. L. M. P. or Q. Note that many sequence tags are present twice. once with I and once with L or
once with K and once with Q. These amino acid pairs are. isobaric. and so the differences between
peak m/z values cannot be used to differentiate them. If this sequence tree is used 1o examine a
sequence containing LELQDLYVLG. the tags matched include LQD. QDL. and DLY.
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each fragment ion, using the same intensity estimation system employed for sequence tag ions, The

program attempts 10 match observed peaks to the expected ones, and a normalized dot-product score
tor the sequence is generated:

T
D= —= (6.2)

= g
v e Yy ol

where D is the normalized dot-product, ¢ is the expected intensity of each peak. and o is the observed
intensity of each peak.

Candidate sequences. whether matching only one mass or both masses, are sorted by the dot-
product multiplied by the number of ions matched to the sequence. Because scores reflect the
numbers of matched ions. partial sequences are at a disadvantage to full sequences. The top five

sequences for the spectrum are then recorded to a file in the unified SEQUEST result format.

6.3 Results and discussion

6.3.1 Validarion on defined prorein iy

GutenTag's ability to identify peptides was validated against Normalized SEQUEST in its anal-
ysis of a defined five-protein mix including bovine serum albumin. horse apomyoglobin, rabbit
cytochrome C. rabbit phosphorylase A. and bovine beta-casein 2L, Counting only spectra from
doubly-charged precursor ions. a tryptic digest produced 6170 spectra. while a proteinase K digest
vielded 7972 spectra. Only these spectra were included in this analvsis because GutenTag’s inten-
sity model is specific to this type. SEQUEST and GutenTag were run on these collections. using a
sequence database including the above proteins, common contaminants. and the §. cerevisac ORFs.
Identifications matching only yeast proteins were labeled as false. and the others were all assessed
as true identifications.

The numbers of true and false identifications from each algorithm in each set of spectra were
recorded in Table 6.1. GuienTag assigned fewer correct, complete sequences to the spectra than did
Normalized SEQUEST. When GutenTag gave an incorrect sequence. however. it generally gave a
partial sequence rather than a complete sequence: 70% of tryptic digest spectra that were assigned
complete sequences were assigned true identifications, SEQUEST produced a larger number of true
sequences than GutenTag, but its limitation to yield only complete sequences meant that the false

positives greatly outnumbered the true positives among its identifications.



Table 6.1: Comparison of SEQUEST and GutenTag results. 1) The Code column gives the set of
spectra and algorithm. “T™ indicates tryptic spectra, while "K" indicates proteinase K spectra. “GT™
specifies GutenTag was used. and “SQ™ notes that Normalized SEQUEST identified the peptides.
2) The “Full” columns indicate the numbers of true and false positives among complete-sequence
identifications. 3) The “Part” columns indicate the numbers of true and false positives among partial-
sequence identificatior:s. 4) The rightmost section of the table gives the score which removes 95%
of the false positive identifications, the percentage of the identifications retained that were true, and
the percentage of all rue identifications which are retained by the cutoff. Both algorithms perform
better on tryptic digesis than proteinase K digests.

Code Funll Full Part Part | 93%ileof %Tover % ofT
TIDs FIDs TIDs FIDs | Fscores cutoff  retained

T-GT | 1328 338 766 3515 10.4 97.7% §9.2%
K-GT ; 1039 667 621 5643 10.7 05.6% T1.5%
T-SQ | 1987 4183 N/A NA 0.348 85.1% 60.2%
K-8Q | 2230 5742 NA N/A 0.319 80.0% 31.7%

A standard approach for finding the best identifications in proteomics data is to accept all iden-
tifications above a threshold score. The scores which would reject 95% of false positive complete
sequences are reported in Table 6.1. The proportion of identifications above this cutoff that were
true positives was substantially higher for GutenTag than for SEQUEST, even in proteinase K spec-
tra. The percentages of all true identifications retained by this cutoff was also higher for GutenTag
than SEQUEST. Even though SEQUEST yields a larger number of true positives. GutenTag’s true,
complete-sequence identifications are more readily separated from false ones on the basis of score
isee Figure 6.6).

The numbers of true and talse complete-sequence IDs in narrow windows of score were calcu-
lated. The top-scoring ten percent of false positive identifications were split into five bins. The top
bin, for example, ranged in score from that of the best-scoring false identification to the score of
the false identification at the 98th percentile. The numbers of true and false positives in each bin
were calculated, and Table 6.2 shows the resulting percentages. The results for complete GutenTag
identifications indicate that less separation is achieved between true and faise positives in proteinase

K spectra than in tryptic spectra, probably resulting from GutenTag’s training on tryptic spectra.
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Figure 6.6: Score distributions for identification of tryptic peptides. Both SEQUEST and GuienTag
score true identifications (solid ling) more highly than false identifications (dotted line), but the
degree of score overlap for complete sequences is reduced in GutenTag. Partial sequences are not
as well separated, indicating the importance of inferring complete sequences (including necessary
post-translational modifications) before acceptance of identifications.
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Table 6.2: Percentage of true identifications by score range. The top-scoring ten percent of false
identification scores were divided into five bins. The percentage of true identifications in each bin
is shown above.

Code | 100-98%ile 98-96%ile 96-94%ile 94-92%ile 92-90%ile
T-GT 96.5% 84.1% 69.4% 54.2% 31.3%
K-GT 91.5% 84.1% 53.6% 65.0% 64.9%
T-5Q 92.3% 62.5% 53.4% 47.1% 36.9%
K-SQ 87.2% 70.9% 31.5% 47.7% 34.3%

The top 100 identifications were examined for each algorithm on both sets of spectra. For
GutenTag, only complete sequences were included in the top hundred. Each identification was
checked against the result for the other algorithm. GutenTag's identifications matched SEQUEST's
for all 100 of the tryptic spectra and 95 of the proteinase K spectra. Of SEQUEST's top 100, 88
matched GutenTag's identification among the tryptics, and 82 matched among the proteinase K
spectra. The relatively low percentage of SEQUEST identifications validated by GutenTag identifi-
cations reflected that SEQUEST allows more variability in spectra than does GutenTag. GutenTag’s
scoring mode! favored peptides terminating with Arg or Lys more highly than SEQUEST: its pro-
teinase K identifications included 18 peptides terminating in these residues, while SEQUEST's
proteinase K identifications included 12. GutenTag’s spectrum model is more specific to tryptic

peptides than is SEQUESTs.

6.3.2  Identification of modified peptides

Several post-transiational modifications were identified among the proteins of the defined mixture,
GutenTag's partial sequence identifications were analyzed to find spectra corresponding to these
modifications. An acetylated peptide at the amino terminus of rabbit cytochrome C 2> was identified
as - EKGKKIF, matching the final seven residues of the peptide. When the sequence of the protein’s
N-terminus was added to GutenTag's identification, the remaining mass of 42 Da indicated a likely
acetylation. Likewise, an acetylation on rabbit phosphorylase A's N-terminus - matched to six

spectra as - PLSDOEK and three spectra as ~RPLSDQEK. A phosphorylation on bovine beta-casein’s



serine 50 2 matched to seven spectra as -QQQOTEDELQDK and one spectrum as -EQQCTEDELQDK,
with the 80 Da remainder indicating a phosphorylation. The algorithm correctly identified spectra
when meodifications prevented complete sequence identification.

This capability was put to the test in an assessment of post-translational modifications in human
lens tissue from a 4-year-old congenital cataract patient . No modifications were specified in the
configuration of GutenTag. Partial sequences matching to the A and B chains of crystallin alpha
were analyzed to determine the amount of mass differentiating the observed spectrum from the
database sequence.

Of GutenTag’s partial sequence identifications to alpha crystallin chain A or B, 134 corre-
sponded to modifications of 69 Da. In chain A, 74 spectra for a peptide of 2553.1 Da were all
matched to similar sequences, with the N-terminal portions identified to sequences ranging from
LFDQFFGEGLFEY- 10 LFDQFFGEGLFEYDLLP-. By subtracting the flanking database sequence
from the remaining mass, the peptide sequence was found to be LFDQFFGEGLFEYDLLPFLSSS,
where threonine 43 had become a serine and one of the final three serine residues had beta elimi-
nated to become dehydroalanine. A SEQUEST search was configured to search for a shift of -32 on
threonine residues (-14 for the mutation to serine and -18 for the beta elimination), and 137 spectra
were identified to the modified sequence, with a best (non-normalized) SEQUEST XCorr of 5.514.
The spectra did not reveal which of the three serines had beta eliminated. In this example GutenTag
identified the peptide despite a change in protein sequence from a putative single nucleotide poly-
morphism and an unanticipated modification,

Chain B showed similar two similar shifts of 69 Da. Five spectra matched to the sequence
LFDOFFGEELLESDLFPTSS, where threonine 42 had become a serine and a beta elimination had
taken place. The above SEQUEST seach was able to match 33 spectra to this sequence once
this modification was specified, with a best XCorr of 5.651. GutenTag matched 48 spectra to
LFDQFFGEHLLESDLFPTSTSS with a beta elimination, which suggested that leucine 44 may also
be mutated to a serine in this sample. A total of 308 SEQUEST identifications, scoring as high as
5.7161, were found when the program was configured for this possibility. If these modifications are
not in the SEQUEST configuration, these spectra are incorrectly identified.

- Other modifications were also identified. Acetylations on the N-termini of both chains were ob-

servable from large numbeis of spectra. Spectra featuring the characteristic +80 Da mass difference
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of phosphorylation agreed with previously documented modifications on these proteins. In addition,
many spectra resulted from peptide ions that had already lost ammonia or water. In some cases, the

masses of modifications were more apparent than their chemical identities.

6.4 Conclusion

GutenTag incorporates several advantages over existing proteomic algorithms. Its modeling of frag-
ment ion intensity based on sequence and mass enables it to be more accurate in sequence inference
than existing algorithms. Its ability to search a database with multiple tags in a single pass allows
users to increase the number of tags retained for each spectrum, resulting in increased performance
and accuracy. GutenTag’s ability to score multiple sequences resulting from database searches sets
it apart from existing sequence tag search algorithms. By uniting in a single program the capability
to infer tag sequences and search databases, GutenTag outperforms existing techniques and is usable
on lurger datasets than previously possible.

GutenTag embodies a new capability for large-scale proteomics. The automated and accurate
interpretation of partial sequences from tandem mass spectra will play an important role in the
identification of protein sequence features not predicted through bioinformatics. We ve shown the
algorithm accuracy compares quite well with database searching algorithms for peptides created by
site-specific and non-specific proteases. The algorithm can also help identify unanticipated mod-
ifications, sequence variations, and possibly alternate splice sites in proteins. By combining the
best elements of de novo and database search algorithms, sequence tagging increases the scope of

biclogical discovery possible using shotgun proteomic strategies.
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Chapter 7

" CONCLUSION

7.1 Effects of research

Although the presented research may initially seem disjoint, the findings in each study drew at-
tention to the next. An attempt to create software to interpret mass spectra led to an attempt to
model fragment ion intensity. To understand how spectra should be modeled, it was necessary 1o
characterize intensities in identified spectra. To generate statistics for this exploration, software to
select spectral identifications was required. To write such software required a codification of how
such spectra were selected manually. These linkages from project to project have underscored that
research begets research; proteomics is still a young field, and many opportunities for exploration

remain. A brief examination of the accomplishments in this body of work underscores this message.

7.1.1 DTASelect and associared advances

What began as a simple program for selection of identifications became a much more significant
contribution to the field. The replacement of SEQUEST Summary and Combine has accelerated the
processing of proteomic samples in the Yates Lab and many others. DTASelect has standardized
rules for selecting identifications, making it easier to communicate the rules used for selecting tden-
tifications. Because it was designed for scalability, DTASelect has greatly increased the scope of
proteomics experiments. Even though this software started with more modest aims, it has had the
most immediate impact of any of these projects.

If one is to compare an apple to an orange, a standard for comparison must be defined. By
defining the rules by which proteomic samples could be cataloged, DTASelect made it possible for
multiple samples to be compared meaningfully via Contrast. This development has made it possible
to evaluate the reproducibility of MudPIT experiments. In addition, Contrast’s scalability enables

the comparison of supersamples, where multiple MudPIT runs have been congiomerated together
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with similar samples. Literally millions of identifications can be compared to other millions of
identifications, a capability that was not imagined while the software was created.

DTASelect’s predecessors had not been altered for a few years when DTASelect was initiated.
This stagnation had prevented updates to the file formats by which SEQUEST communicated iden-
tifications to the summary software. Likewise, the CGI utility programs had remained unaltered for
years. Replacement of the summarization system made it possible to design new, more scalable file
formats to accomodate the greater volume of data produced by MudPIT experiments. New tools to
evijuate spectra and sequence coverage have helped to highlight new areas of research.

DTASelect’s identification of the redundancy of spectra in proteomic collections led to an ex-
amination of this pheuomenon. The extent of spectral duplication in these data sets was a surprise,
given that instrument control software ostensibly prevents duplication. By increasing our under-
standing of the structure of proteomic spectral collections, this research provided insights that may

lead to improved accuracy and speed in analyzing proteomic data.

712 Imensiry modeling and de nove sequence tagging

The initind design of this research, of course, had less to do with the creation of summarization soft-
ware and more to do with improving models of CID fragmentation. Two challenges were encom-
passed: first, identified peptide spectra were to be statistically analyzed, and second, the observed
trends were to be implemented in a model of fragmentation. Intensity of fragment ions was ob-
served to depend upon neighboring peptide residues as well as the location of these ions within the
spectrum. While other features undoubtedly influence fragment ion formation, these two principles
gave a basis for initial modeling attempts.

This work describes a model produced from this system. The intensity of each fragment ion is
first estimated cn the basis of its mass relative to that of the full peptide and the series from which
it comes. This intensity is then modifted by a ratio incorporating information from the two amino
acid residues flanking the fragment ion. If only one residue is known, the other residue is given no
effect.

While this model was shown to be effective (see Chapter 6), it has important limitations. First,

only doubly-charged precursor spectra can be evaluated. In addition, amino acid residues are pre-



99

sumed to have no effect on nonadjacent fragmentation, probably to the detriment of accuracy. Other
fragment ions, such as water and ammonia losses from fragments, are not predicted by this model
even though they were included in the statistical analysis. Finally, amino acids may have different
results in combination than they do singly; a glycine residue may influence fragmentation differ-
ently if next to an alanine than it does when it is adjacent to a proline. These and other influences
are not accounted for in the model as it currently exists.

The implementation of this scoring model in GutenTag has produced a tool with interesting
properties. By automating partial sequence inference, this software makes sequence tag identifica-
tion a usable strategy for high-throughput proteomics. The fragmentation model above is combined
with a probability-based scorer to find the best tags for each spectrum. While this system is insuf-
ficiently powerful to rank correct sequence tags in the first position for each spectrum, the scorer is
capable of producing at least one correct tag in the top 25 for the great majority of spectra. This
capability was the direct result of the improved fragment ion intensity modeling.

The same fragmentation model is used to predict complete and partial spectra for sequences
resulting from the database search. The scorer, this time a normalized dot-product algorithm, makes
use of the intensities to determine the fit between the predicted and observed fragment ion intensities.
Because a lurger number of peaks is included in this round of scoring, the scoring is more effective
than in the tagging phase of the software. These successes underscore the importance of modeling
spectra accurately in proteomic software.

From a practical rather than a theoretical perspective, however, GutenTag's achievement is the
identification of peptides with sequence modifications and / or post-translational modifications. The
significance of single-nucleotide polymorphisms (SNPs) in real-world genomic specimens may cor-
respond to single-amino-acyl polymorphisms (SAAPs, to coin an abbreviation) in proteomic speci-
mens. By enabling peptide identification with these variances, the sequence tagging approach may

grow to rival standard database search algorithms.

7.2 Future work

In many respects, this research has only scratched the surface of an important and complex problem.

As proteomic tandem mass spectrometry becomes more widely used, the algorithms developed to
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process it will rely upon improved information characterizing these spectra. Several projects suggest

themselves from this body of work.

7.2.1  Spectrum modeling

As Chapter 4 indicates, further work remains for understanding the content of doubly-charged pre-
cussor CID spectra. The improved spectral viewing tools described in Chapter 3 revealed that
doubly-charged fragment ions occur ';mexpectedly in these spectra. Understanding the causes for a
fragment ion’s retention of both protons will require further analysis. The impact of the C-terminal
residue of a peptide on its fragmentation is also poorly understood. Do peptides terminating in argi-
nine fragment differently than those ending in lysine? Do peptides ending in non-basic residues have
more prominent & series ions than normal trypic peptides? Relatively small differences in peptide
sequences may lead to significant changes in the appearances of the spectra.

Of course, proteomic spectra may come from other peptides than those with two additional pro-
tons. The fragmentation of singly-charged peptides may be the most inherently understandable; as
the number of surplus protons decreases, the randomness of fragmentation may diminish as well.
Initial examinations have suggested that other residues’ chemistries may take the fore if protons are
immobilized at arginine residues !. This and other explorations will be required for the fragmenta-
tion of these spectra to be modeled adequately.

By the same token, spectra from peptides with more than two added protons may exhibit a higher
degree of randomness. Doubly-charged fragment ions may be comingled with singly-charged frag-
ments, complicating analysis. Because these ions are separated by m/z rather than mass, the detailed
analysis of doubly-charged fragme'nt.ions may require mass analyzers of higher mass accuracy than
ion traps. The influences causing some of these fragments to be prominent and others to be missing

remain nebulous.

7.2.2  Peptide identification improvements

This research may pay other dividends for database identification algorithms. As shown in Chapter
5, spectral similarity can be detected without prior sequence identification. The prediction that this

similarity can be leveraged for improved accuracy and performance, however, remains unverified
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experimentally. If a database identification algorithm were designed such that spectra were grouped
by similarity even before having charge states assigned, the full utility of these interrelationships
could be tested.

Existing tools for assigning precursor ion charge states for proteomic spectra need to be re-
designed. As described in section 1.4.2, singly-charged precursor spectra are separated from the
others, and then the others are divided into doubly- and triply-charged precursor spectra. During
development of GutenTag, however, it became apparent that these charge assignment algorithms
may make errors, assigning singly-charged precursor spectra to doubly-charged precursors instead.
Furthermore. particularly large peptides may be charged more highly than +3. As research char-
acterizes spectra of each state more descriptively, charge discrimination software shouid evolve to

incorporate the best possible models for differentiating these spectra by precursor charge.

7.2.3  Modification analvsis

When GutenTag identifies a spectrum with a partial sequence, it leaves the completion of that iden-
tification to the user. Hundreds of spectra may be matched to a particular protein in this way. and
identifving which of these specira shows a peptide with a significant. well-identified modification
take considerable effort. The protein’s full sequence must be sought in the sequence database, and
then the difference between the peptide’s observed mass and the sequence must be reduced by sub-
wracting off the adjoining amino acid masses until the mass of the modification is reached. Simply
determining how many amino acids make up the unidentified portion of the spectrum can be am-
biguous. Once the full sequence and the modification mass are known, the task turns to finding
which of the added amino acids plays host to the modification, GutenTﬁg can be used to find a
particular protein’s modifications manually, but using it in complex mixtures to find all posstble

modifications on multiple proteins can pose a ditficult challenge.

Software to automate the process of identifying modified peptides from partial sequence identifi-
cations would ease this process. Modifications which are evidenced by multiple spectra should take
precendence over singletons. Likewise. peptides with overlapping sequences which cover the same
modified residue can help to increase the confidence that the modification is legitimate. A scoring

algorithm like that used in GuienTag could ascertain positions of modifications and rate the full-
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sequence identification score. This software would make it much simpler to identify modifications

for a complex mixture comprehensively and automatically.

7.3 Final thoughts

The existing algorithms for processing proteomic tandem mass spectra set the stage for this research.
SEQUEST made it possible to identify a set of spectra sufficient for characterization of these spectra.
In many ways, this and other early tools bootsirapped proteomics into existence. Ii is because of
the insiglits embodied in these programs that more ambitious studies can now be conducted on this
class of spectra. It is the anthor’s hope that this body of research will be instrumental in bringing

about a new generation of informatic tools for proteomic data.
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