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ABSTRACT 

 

Mining of datasets obtained from proteomics experiments was performed to 

investigate the dissociation pathways of protonated peptides activated in the gas phase 

under low energy collision-induced dissociation (CID). Intensity patterns in ion trap 

tandem mass spectra were exploited and different statistical approaches were employed 

to elucidate the dissociation mechanisms.  

Chapter 2 describes a study of 506 doubly protonated tryptic peptides that shows the 

presence of an internal basic residue can increase the preferential fragmentation 

C-terminal to aspartic acid (Asp-Xxx) significantly. The degree of enhancement varies 

with the identity of the basic residues. The result corroborates a previously published 

mechanism based on studies from model peptides, and was incorporated into an existing 

peptide sequencing algorithm. A preliminary test on a separate dataset of 119 spectra 

shows that implementing rules to predict enhanced cleavages at Asp-Xxx improves the 

ability of the algorithm to identify the correct sequence from a list of candidates. 

Chapters 3-5 describe much more elaborate analyses on 28,330 peptides of different 

sequences and charge states. Extensive sorting based on prior knowledge was first 

performed to probe the correlation of fragmentation patterns with structural features. 

Pair-wise fragmentation maps reveal that the difference in basicity between Arg and Lys 

results in different dissociation patterns among singly protonated tryptic peptides. While 

one dominant protonation form (proton localized) exists for Arg-ending peptides, a 

heterogeneous population of two or more protonated forms (proton partially-mobile) exist 
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for Lys-ending peptides. Asp/Glu-Xxx dominates spectra from peptides that have a 

localized proton(s) and Xxx-Pro dominates those that have a mobile or partially mobile 

proton(s). When Pro is absent from peptides that have a mobile or partially mobile 

proton(s), cleavage at each peptide bond becomes more prominent. A fundamental 

dependence of gas phase peptide fragmentation on conformational constraints was found.  

A knowledge mining scheme was proposed to bypass the prior knowledge 

constraints and cluster the dissociation behaviors of 28,330 peptides into four distinct 

categories. The most influential factors in the fragmentation process are: the mobility of 

the proton(s), the presence and the location of Pro and Arg. Structural motifs responsible 

for each dissociation behavior are also elucidated.  
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CHAPTER 1 

OVERVIEW, BACKGROUND AND SIGNIFICANCE 

 

1.1 Introduction 

The primary goal of this dissertation research is to improve the fragmentation model 

used by algorithms that automatically interpret MS/MS spectra to give peptide sequence. 

More specifically, the main objective is to study how the different chemical properties of 

the side-chains of the twenty amino acid (AA) residues affect the fragmentation of 

protonated peptides in the gas-phase.  

While the unimolecular dissociation of protonated peptides in the gas-phase has 

been studied in the past two decades, the knowledge of fragmentation mechanisms are 

heavily based on the observations from model systems consisting of very small number 

of tandem mass (MS/MS) spectra. A few recent studies1-4 used larger sets of acquired 

spectra (500-5000) to mine for fragmentation patterns, but they focused mainly on 

peptides that are doubly charged. The emphases of most previous studies were on specific 

peptide bonds formed by specific residues. For the research described in this dissertation, 

up to ~30,000 spectra of various residue content and charge states obtained from 

real-world proteomics experiments are employed to examine, refine and extend the 

fragmentation studies from model systems. Fragmentation patterns at all residue 

combinations are catalogued and compared between large sets of peptides. Chemical 

interactions involved in promoting specific cleavage patterns in gas-phase peptides are 

characterized alone or in combination. Different data mining techniques are employed to 
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acquire an overview of gas-phase peptide fragmentation behavior. Statistical tests and 

visualization tools are developed to validate the results.  

The fragmentation statistics obtained from this research aim to provide a solid 

foundation for sequencing algorithms to take advantage of the intensity information 

available in a MS/MS spectrum in order to better identify the correct peptide from a list 

of sequence candidates. This could have an immediate impact on practical proteomics 

studies. At the same time, a more detailed and chemically meaningful model for peptide 

unimolecular dissociation is also of fundamental interests, because knowledge of the 

chemistry increases our understanding of molecular structure and intramolecular proton 

transfer dynamics in the absence of solvent.  

   

1.2 From Genomics to Proteomics 

Proteomics is the large-scale study of proteins encoded by a genome or tissue.5-8 

This study covers “not only all the proteins in any given cell, but also the set of all 

protein isoforms and modifications, the interaction between them, the structural 

description of proteins and their higher-order complexes, and for that matter almost 

everything ‘post-genomic’”.5 Unlike the “static” genomes, proteomes are inherently 

dynamic. Proteomics offers complementary information to genomics because it focuses 

on the gene products, which are the main carriers of biological activity. Therefore, 

proteomics directly contributes to drug development as almost all drug targets are 

proteins.6 
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Proteomics is an essential component of systems biology research and complements 

other functional genomics studies, “including microarray-based expression profiles,9 

systematic phenotypic profiles at the cell and organism level,10, 11 systematic genetics12, 13 

and small-molecule-based arrays14 ” (Figure 1.1).5 When data from these areas are 

combined through bioinformatics, a multi-dimentional picture of the correlation between 

gene functions and protein properties / functions can be drawn. 

 

 

 

 

 

 

 

Figure 1.1  Platforms for proteomics and functional genomics. Methodology is shown 
in the outer columns, resultant data sets in the middle columns, and model 
systems in the centre. (Figure reproduced with permission from “From 
genomics to proteomics”,5 Tyers, M., Mann, M., in Nature.) 

 

The field of proteomics is “a collection of various technical disciplines”,15 which 

includes three main areas: Mass spectrometry (MS)16-18 allows sensitive and 

comprehensive analyses of complex protein populations isolated from cells or tissues; 

array-based proteomics15, 19 elucidate protein-protein interactions, as exemplified by the 

yeast two-hybrid assay; structure20 and cell imaging8 probes the 3D shape, localization, 

and dynamics of individual proteins or protein complexes on a large scale.  
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“The proteome is a dynamic entity thereby possessing an enormous complexity”.21 

Protein expression levels can vary from five orders of magnitude in yeast cells22 to about 

ten orders of magnitude23 in humans. This poses great challenges to analytical chemistry. 

Biological mass spectrometry emerged as the cornerstone in proteomics from the 1990s. 

Two breakthroughs in the past 15 years have made MS-based proteomics possible: the 

availability of gene and genome sequence databases, and the discovery and development 

of protein ionization methods as recognized by the 2002 Nobel prize in Chemistry.16 

 

1.3 Mass Spectrometry-based Proteomics 

There are three different areas that MS-based proteomics mainly focusses on: 

primary sequence, post-translational modifications (PTMs, for a list of known 

modifications see http://www.abrf.org/index.cfm/dm.home), and protein-protein 

interactions. While primary sequence defines the identity of the protein, PTM reveals the 

function of the protein, and the protein-protein interaction explains how cellular functions 

are performed. The latter two types of information, in particular, are not coded by genes.  

A typical MS-based proteomics experiment takes six steps (Figure 1.2). The first 

step is to isolate the proteins of interest from cell lysate or tissues and define the 

“sub-proteome” to be analyzed by biochemical fractionation or affinity selection. The 

second step is to digest the protein samples into peptides by a sequence-specific protease 

(usually trypsin), because protein MS is less sensitive than peptide MS and the molecular 

weight of the protein alone is usually not sufficient for identification. In the third step, the 

peptides are delivered to a mass spectrometer for analysis via chromatographic separation 

http://www.abrf.org/index.cfm/dm.home
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coupled online to electrospray ionization. In the fourth step, a mass spectrum of the 

peptides eluting at this particular time point is taken (MS spectrum). In the fifth step, the 

computer generates a prioritized list of peptide ions for fragmentation, and so the 

corresponding tandem mass spectrometric (MS/MS) experiments proceed. In such an 

experiment, ions of a given peptide m/z are isolated and activated through collision with 

gas, and the fragment ions are recorded in a MS/MS spectrum. The last step is to use a 

protein identification algorithm to match the MS/MS spectra with a protein sequence 

database. The peptide sequence for each MS/MS spectrum is identified and therefore the 

corresponding proteins can be found. This approach to identify the proteins by their 

peptides is called “bottom-up” proteomics. The alternative approach, identifying proteins 

by direct fragmentation without enzymatic digestion, is called “top-down” 

proteomics.24-27 While “bottom-up” proteomics represents the main stream of the current 

research efforts and has produced most of the exisiting data, “top-down” proteomics has 

recently shown promising results although there are still many technical challenges yet to 

be addressed. 
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Figure 1.2 MS-based proteomics experiment. See text for details. 
 

 

MS-based proteomics has enjoyed tremendous recent success.16, 28-31 However, it 

still faces significant challenges. The desire to analyze ever smaller quantities of samples 

and acheive higher confidence in the identification are pushing the limit of detection and 

driving development of more sensitive and reliable techniques to obtain information 

about individual components from thousands of proteins derived from complex biological 
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samples. For the past five years, serious efforts have been put together to map the entire 

proteome for several species. Examples include identifying 61% of the predicted 

Deinococcus radiodurans proteome,32 identifiying 1,484 to 1504 proteins from the S. 

cerevisiae proteome,33, 34 and identifying 5130 proteins from human erythroleukemia 

K562 cell line.35 These identifications were performed by different groups in different 

laboratories. Various criteria (e.g., different algorithms, different cut-off scores, different 

numbers of peptides per protein, with or without manual validation) were used to define a 

“positive hit”. Since the number of total proteins existing in these proteomes at a given 

time is currently unknown, it is hard to judge how much of the proteome these studies 

missed, and what percentage of the proteins identified are false positives. Thus it is often 

difficult to evaluate and compare the quality of different studies. However, one of the 

advantages of “bottom-up” proteomics is that a protein can be identified through its 

peptides. The peptide identification process is performed by analyzing the fragments of a 

peptide recorded in an MS/MS spectrum by a computer algorithm. Studies have shown 

that currently available algorithms can only identify with high confidence a low 

percentage (e.g., 10~35%) of the accquired spectra from a proteomics experiment.1, 35-37 

The ability of the current algorithms to distinguish correct from incorrect sequence 

assignment is poor, leading to high positive and false negative rates.38 Therefore, the 

challenge of protein identification can be converted to peptide identification, part of 

which then becomes the question of how to improve the accuracy and sensitivity of the 

algorithm to process the accquired MS/MS spectra. If more peptides can be successfully 

identified, and identified with a higher confidence level, the quality of the MS-based 
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proteomics can then be improved. This is the underlying rationale for the research 

presented in this dissertation. 

 

1.3.1 Principles and Instrumentation 

Every mass spectrometer has three main components: an ion source, a mass analyzer, 

and an ion detector.39 In order to be analyzed, molecules need to be first turned into gas 

phase ions from solution or solid phase. The ions are separated based on their 

mass-to-charge (m/z) ratios through manipulation of the ion motion in the mass analyzer 

by electric or magnetic fields. The separated ions then strike the detector in an 

m/z-dependant manner generating a series of electrical currents from which a mass 

spectrum can then be constructed. For applications in proteomics, a large variety of 

different configurations have been developed because no one instrument type can satisfy 

all the needs. 

 

1.3.1.1 Ionization 

Ionization plays a critical role in the application of mass spectrometry because mass 

spectrometers can only manipulate and detect ions in the gas phase. In proteomics, the 

greatest challenge is to convert large biological molecules like proteins and peptides from 

solution or solid phase into gas phase ions without inducing degradation or 

fragmentation.30 Electrospray ionization (ESI) and matrix-assisted laser desoption / 

ionization (MALDI) are the two soft ionization techniques most commonly used in the 

field of proteomics (Figure 1.3). 
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In ESI, ions are created by spraying an electrically generated fine mist of charged 

droplets into the inlet of a mass spectrometer at atmospheric pressure.40 The charged 

droplets are produced by high voltage difference between the ESI needle through which 

the liquid flows and the inlet of the mass spectrometer. Evaporation of solvent from these 

charge droplets occurs until the Rayleigh limit (the point in which charge repulsion 

exceeds the surface tension of the droplet) is reached. Bare ions are then transmitted into 

the ion optics of the mass spectrometer. ESI can convert solution-based molecules into 

gas phase ions and is therefore readily coupled to liquid-based seperation techniques, e.g., 

liquid chromatography (LC) or capillary electrophoresis (CE). The ions produced by ESI 

are usually muliply-charged, which means the detected m/z represents (M + z)/z, where 

M is the molecular weight of the analyte. 

In MALDI, laser energy is employed to desorb or “fly” the molecules, which are 

cocrystallized with a small organic matrix compound that can absorb energy at the wave 

length of the laser, into the gas phase.41 A pulsed laser is used to produces ions in packets 

rather than a continuous beam. Ions produced by MALDI are typically singly charged. 

While some new analytical opportunities for MALDI have been explored, e.g., molecular 

imaging of thin slices of tissues and cells, the current main application of MALDI-MS is 

the analysis of relatively simple peptide mixtures, whereas integrated LC-ESI-MS (or 

LC-MS) is the preferred method to analyze complex protein mixtures. 
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Figure 1.3 (See the following page for figure caption.) 
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Figure 1.3 Mass spectrometers used in proteome research. (Figure shown on the 
preceding page.) The left and right upper panels depict the ionization and 
sample introduction process in electrospray ionization (ESI) and 
matrix-assisted laser desorption/ionization (MALDI). The different 
instrument configurations (a-f) are shown with their typical ion source. a, 
The reflector time-of-flight (TOF) instrument. b, The TOF-TOF instrument. 
c, Triple quadrupole mass spectrometer. d, The quadrupole TOF instrument. 
e, The (three-dimensional) ion trap. f, The FT-MS instrument. An linear ion 
trap is put in front of the FT-MS for efficient isolation, fragmentation and 
fragment detection in the FT-MS section. (Figure reproduced with 
permission from “Mass spectrometry-based proteomics”,15 Aebersold, R., 
Mann, M., in Nature) 

 

1.3.1.2 Mass Analyzer 

For proteomics, the most important aspects of the mass analyzer are: sensitivity, 

resolution, mass accuracy, and the ability to generate fragment ion mass spectra (tandem 

mass spectra or MS/MS spectra) that contain rich sequence information of the 

molecule.15 Four types of mass analyzers are mainly used for proteomics studies: 

quadrupole, ion trap, time-of-flight (TOF), and Fourier transform ion cyclotron resonance 

(FT-ICR or FT-MS). Each use a different technique to separate the ions by their m/z 

ratios. They can be used alone or in combination to take full advantage of the strengths of 

each (Figure 1.3). 

Quadrupole mass analyzers employ a combination of direct-current (DC) and radio 

frequency (RF) fields on four rods as a mass “filter”, permitting stable trajectories only 

for ions at a particular m/z.42, 43 The entire mass spectrum is obtained by scanning the 

voltage from a preestablished minimum to a maximum value, but at constant DC:RF ratio. 

Commercial quadrupole mass anlyzers can detect ion masses up to 4000 u, and have 

resolving power to separate peaks at 1 u difference. They are typically assembled in 
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tandem where the ions of interest are selected by their m/z in the first quadrupole (Q1), 

fragmented in the second quadrupole (q2) (a collision cell that is operating under RF 

only), and the fragments analyzed in the third quadrupole (Q3) (Figure 1.3c). 

The term “ion trap” usually refers to three-dimensianl quadrupole ion traps, which 

also use oscillating electric fields (RF), like the quadrupoles, to trap ions into a small 

volume between a ring electrode and two endcap electrodes.39, 44-46 Through manipulation 

of the electric fields, ions of specific m/z can be expelled from the trap. Ion traps are very 

useful in analyzing complex samples because of their ability to rapidly shift between 

analyzing the sample molecules (MS scan) and generating their fragment mass spectra 

(MS/MS scan) (See Figure 1.4).  Because ion traps are inexpensive, robust, and 

sensitive,47 they “have produced much of the proteomics data in the literature”.15 

However, several issues limit the performance of the ion traps and there are two major 

drawbacks of the data generated from ion traps: One drawback is the relatively low mass 

accuracy (~0.5Da), due in part to what is called the space charge48, 49 issue—only limited 

number of ions can be trapped before repulsive forces cause leakage of the excess ions, 

which degrades the peak resolution and the mass accuracy. The other drawback is the 

discrimination against product ions that are less than 30% of the m/z of the precursor ion, 

when there is only one mass analyzer operated in different electronic modes for both MS 

scans and MS/MS scans. As a result of such discrimination, a significant number of ions 

that are useful for sequence determination are not available. This is often referred to as 

“the low mass cut-off problem” in ion traps. More recently, the two-dimensional 

quadrupole ion traps or linear ion traps are developed where a cylindrical volume 
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considerably larger than that of the three-dimensional traps are used to store the ions.50, 51 

The new linear ion traps have great potential in proteomics applications because their 

increased ion capacity and improved trapping efficiency allow much higher scan rate, 

larger scan ranges, higher resolution, better sensitivity and mass accuracy.  

 

 
 
 
 
 
 
 
 
 
Figure 1.4 Illustration of an MS/MS experiment in quadrupole ion trap. Figure adapted 

from reference 52.  
 

Time-of-flight (TOF) mass analyzers convert the difference in m/z ratios of the ions 

into the difference in the time ions take to traverse a field free flight tube by giving all 

ions the same kinetic energy during instantaneous acceleration.53 Different techniques 

have been developed to increase resolution, e.g., time-lag focusing (or delayed 

extraction),54 beam deflection,55, 56 and ion mirror (or reflector).57 Current commercial 

TOF instruments have high sensitivity, resolution (typically >10,000), and mass accuracy.  

MALDI has been traditionally coupled to TOF analyzers (MALDI-TOF instruments),58, 59 

due to their common pulsing nature. These instruments measure the mass of intact 

peptides and identify proteins by what is known as peptide mass mapping.60, 61  

Two recent configurations have widened the application of TOF in proteomics. In 

the first, MALDI is coupled to two TOF sections which are separated by a collision cell 

b. Isolation a. Trapping  d. Read-out c. Activation 
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(TOF-TOF), whereas in the second, ESI or MALDI is coupled to a hybrid quadrupole 

TOF instrument. These instruments have high sensitivity, resolution and mass accuracy, 

and the resulting MS/MS spectra are often more extensive and informative than those 

generated in trapping instruments. They are gaining more and more significance in 

proteomics. However, compared to ion traps, the cost and the maintenance are higher and 

they are not as robust instruments in day-to-day operations.  

Fourier transform ion cyclotron resonance mass spectrometers are also trapping 

mass spectrometers, but use cyclotron resonance under high vacuum in high magnetic 

field to trap, excite and detect ions.62, 63 FTICR has high sensitivity and ultra high 

resolution and mass accuracy, which has made “top-down” proteomics possible.64 

However, FT-ICR instrument are very large and expensive, complex to operate, and 

needs high maintenance. Its routine application to proteomics research has been limited. 

The recent development in commercial FT-ICR for proteomics applications is to put a 

linear ion trap in front of an FT-ICR, using the ion trap to perform precursor ion selection 

and fragmentation, while using the FT-ICR as a detector to readout the MS/MS spectrum 

with ultra high mass accuracy and resolution.65-67 

Due to the current limited availability of high quality proteomics data, the content of 

this dissertation focus mainly on MS/MS data from ESI-ion traps, while MS data from 

ESI-FTICR were used in some cases for validation purposes. Thus, the following 

background review will emphasize ion trap data. However, the use of ion trap data should 

not undermine the significance of the research presented in this dissertation, because 1) 

the data mining methods proposed here are often not limited to ion trap data, but rather, 
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are generally applicable to data from any instrument configurations; 2) “fragmentation 

chemistry is dependent on molecular structure so some overarching fragmentation 

characteristics are detected regardless of the instrument type and activation method”.29 

 

1.3.2 Peptide Fragmentation in the Gas Phase 

1.3.2.1 Ion Activation: Collision-Induced Dissociation 

 A large focus of efforts in biological mass spectrometry is the tandem (MS/MS) or 

MSn analysis that can select specific peptide ions and induce their fragmentation.29 

Fragmentation of the selected peptide ions typically occur at the most chemically labile 

bonds, i.e., the amide peptide bond. The dominating activation method in proteomics is 

collision induced (or activated) dissociation (CID or CAD) during which energy is 

deposited into the analyte through collisions with neutral gas atoms or molecules (He, Ar, 

or air) as shown in Figure 1.5.68, 69 In ion traps, the CID process is considered to be 

“slow-heating”. Energy “is added to the analyte in multiple low-energy increments until 

enough energy is deposited to induce fragmentation”.29 Together with its long msec~sec 

time frame for the MS/MS experiment, slow heating in the ion trap favors low-energy 

fragmentation pathways such as neutral loss processes and the formation of internal ions 

that require cleavage at two points along the peptide backbone. While other types of 

energy deposition and various observation time frames exist in different instrument 

configurations (e.g., TOF-TOF instruments may induce higher energy pathways), similar 

fragmentation patterns have been observed for the same type of molecules regardless of 

the instrument type and activation method. 
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Figure 1.5  Cartoon representation of Collision-Induced Dissociation (CID). Figure 
adapted from reference 37. A population of MH+ ions fragment to form a 
population of charged fragments and neutrals. 

 

 

1.3.2.2 Fragment Ion Nomenclature 

 Peptide identification by MS/MS involves fragmentation of a peptide ion to produce 

multiple smaller fragment ions. Ideally, by putting together the mass of these fragments 

the original sequence can be deduced. 

 The nomenclature70 used to describe the fragment ion types produced by cleavage of 

different bonds along the peptide backbone and/or side chain is shown in Figure 1.6. 

Several factors determine the types of ions detected in an MS/MS experiment: the 

structure of the molecule, the activation method and the instrument configuration.29 In ion 

traps, the ion types commonly observed are b ions (b+), y ions (y+), ammonia loss from b 

ions, ([b-NH3]+), water loss from b ions ([b-H2O]+), ammonia loss from y ions, 

([y-NH3]+), water loss from y ions ([y-H2O]+), a ions (a+), and internal ions. 

Ar or He atoms

MH+ MH+
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Figure 1.6  Fragment ion structures that are produced from low energy collisional 
activation and the corresponding nomencalture.70 Immonium ions are 
assigned names consisting of the single letter abbreviations for the AA 
residues within the ions. 
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When a peptide ion fragments in the gas phase, the most labile bond is the amide 

peptide bond. Such cleavage of the backbone produces b ions, if the amino terminal 

fragment retains the charge, or y ions, if the carboxy terminal fragment retains the charge 

(Figure 1.6). For multiply-charged ions, charge separation can produce complementary 

ion pairs (e.g., a doubly charged ion can fragment to produce a bn/ym ion pair where 

n+m=total residues in peptide). Because mass spectrometers can only detect a molecule if 

it is charged, the locations of the proton(s) on a peptide before, during, and after the 

fragmentation are crucial in determining the observed MS/MS spectrum. Usually b and y 

ions are considered to be the most useful sequence ion types because they are most 

commonly present in the spectra and they correspond to cleavage of the amide bond. If 

complete series of b and y ions present in the spectra, the identity of the peptide sequence 

can be easily and unambiguously derived (Figure 1.7).  

 

 

 

 

 

 

 

 

 

Figure 1.7  Easy peptide identification from an MS/MS spectrum that displays a 
complete series of b and/or y ions. Figure adapted from reference 71. 
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The b and y series are sometimes accompanied by peaks formally corresponding to 

loss of NH3 or H2O from the y ions. The a ions corresponds formally to loss of CO from 

a b ion. Internal ions are produced by cleavage of bonds to both the N- and the 

C-terminal sides of the resulting fragment ion. Immonium ions, which are characteristic 

for individual amino acid residues in a peptide, are usually not observed in the ion trap 

spectra due to the low mass cut-off problem as discussed in 1.3.1.2. A detailed study on 

the relative population and abundance of different ion types present in ion trap MS/MS 

spectra is presented in Chapter 4. 

 

1.3.3 Algorithms for Automated Peptide Identification 

 It was not until the computer search algorithms for identifying proteins from 

peptide mass spectral data were widely available, that the analysis of unknown proteins 

become possible.72 Computer algorithms make it possible to derive useful information 

from the enormous data acquired from practical proteomics studies.73 All the existing 

MS/MS algorithms can be generally divided into two categories: de novo and database 

searching.  

 

1.3.3.1 De novo 

De novo sequencing algorithms74-76 attempt to mimic the process of human 

interpretation by deducing the sequence based on the fragment ion peak-to-peak mass 

difference. It works the best when a complete series of ions are present. Unfortunatly, 

MS/MS spectra, regardless of the instrument type from which they are generated, often 
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do not contain a complete b or y ion series and thus, the entire peptide sequence is not 

identified in a straight-forward manner.77 Although de novo sequencing has a relatively 

low success rate for peptide sequencing, it does not rely on the availability of a sequence 

database, thus is most appropriate for analyzing MS/MS spectra of peptides from novel 

proteins whose sequences are not present in the databases. The examples for de novo 

sequencing algorithms include: Lutefisk,78 Sherenga,79 and Peaks.80 

 

1.3.3.2 Database Searching 

With the compilation of the genome and protein sequence databases in the early 

1990s,18 sequence database searching became the dominant method for automated 

peptide identification, because it usually shows better performance than de novo 

sequencing37 provided that the actual peptide sequence exists in the database searched. 

Database searching algorithms rely on a sequence candidate list generated from an 

exisiting protein or genome database, and pick the candidate that can best explain a given 

spectrum (Figure 1.8). When the peptide sequence corresponding to the experimental 

spectrum is not present in the database, these database searching algorithms would yield 

erroneous results. In such cases, homology searching can come into play and identify 

homologous proteins whose sequences contain some identical peptide sequences to that 

of the novel protein sequence. 

The uniqueness of each database searching algorithm lies in its scoring methods to 

compare and rank the candidates. SEQUEST81, 82 and MASCOT83 are notably the two 

most successful algorithms in database searching. They both use a spectral prediction 
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method based on the candidate sequences. Both have been made commercially available 

and have wide applications in proteomics. We will focus our discussion on SEQUEST 

since most of the ion trap MS/MS data used in this dissertation went through 

identification by SEQUEST. 

 

 

 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 1.8  Generalized approach used by database searching algirthms. Figure adapted 
from reference 71.  

 

 

1.3.3.2.1 Spectral Prediction: SEQUEST and MASCOT 

In the original SEQUEST algorithm published in 1994,81 each experimental MS/MS 

passes through four main steps in order to be assigned a sequence: 1) Spectral 

preprocessing, 2) selection of a list of peptide candidate sequences from the database, 3) 

MS/MS spectra prediction for candidate peptides, and 4) scoring and ranking of the 

candidate sequences by comparing spectral similarity of the processed experimental 

spectrum and the predicted spectra through cross-correlation analysis. The raw data must 
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be in the “*.dta” file format in order to be submitted for SEQUEST interpretation. The 

top row in this file format contains the singly charged precursor ion m/z ratio (provided 

regarless of the actual charge state) and the charge state of the precursor ion. The 

remaining rows contain pairs of fragment ion m/z ratios and the corresponding intensities. 

Once an experimental spectrum has been submitted for interpretation, SEQUEST 

simplifies it by rounding all fragment ion m/z ratios to the nearest integer. A 10 u window 

arround the precursor ion is removed to prevent the precursor ion from later being 

misidentified as a fragment ion. Then the 200 peaks with the highest intensities are 

retained, eliminating the rest as noise peaks. (If the total number of peaks in a *.dta file is 

less than 200, then all peaks are retained.) Finally, the resulting spectrum are divided into 

10 equal segments by m/z and peaks in each region are normalized to the tallest peak in 

this region (which is then set equal to a peak height of 50). (In Chapter 2, Section 2.6.1, 

Figures 2.8a and 2.8b show an illustration of SEQUEST preprocessing on an 

experimental spectrum.) This normalization eliminates variation in peak intensity that 

occurs as a function of m/z.1 However, such normalization also removes much of the peak 

intensity difference caused by the different chemical enviorment at the peptide bonds, 

which might be useful sequencing information once a deeper understanding of 

fragmentation mechanisms is achieved. 

The precursor ion m/z ratio is then converted to peptide molecular weight. Candidate 

sequences are extracted from the database using this information and other criteria 

including taxonomy, protein isoelectric point and/or molecular weight, and enzymes or 

chemicals used in digestion. Each candidate sequence is then assigned a preliminary 
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score (Sp) on the basis of three factors: 1) the total number of matched fragment ions and 

their intensities, 2) the length of each sequence tag that can be identified through a 

contiguous ion series, and 3) the percentage of expected ions that are actually present in 

the experimental spectrum. Based on the Sp scores, the top 500 candidate sequences then 

proceed to the next step. 

 For each of the remaining 500 candidates, a virtual MS/MS spectrum is constructed 

by plotting theoretical fragment ion m/z ratios corresponding to cleavage at each peptide 

bond in the candidate sequence. The b and y ions are assigned a peak height of 50 and 

ions within 1u of b and y ions are assigned a magnitutde of 25. Ions from the neutral loss 

of water, amonia, and carbon monoxide can also be considered in this step, and if used, 

they are assigned a peak height of 10.  

The experimental spectrum and the predicted spectra are compared for spectral 

similarity by cross-correlation function. The candidate sequences are then ranked by their 

corss-correlation scores. Generally, correlation scores provide a quick means to access 

the quality of the match by describing how well the predicted spectrum resembles the 

observed spectrum. A correctly matched sequence usually ranks well for both the 

correlation score and the prelimiary score, and its correlation score usually stands out 

from the other scores in the list.84  

The main difference between MASCOT (or more specifically, the MS/MS Ion 

Search85 from MASCOT) and SEQUEST is that MASCOT does not use a 

cross-correlation algorithm for its comparisions, but rather use a statistically-derived 

algorithmm to access the signficance of a match between a predicted spectrum and the 
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experimental one. Comparisions of the performance of MASCOT and SEQUEST show 

that although slightly different sets of peptides can be identified by these two algorithms, 

their success rates are close to each other.35, 37  

 

1.3.3.2.2 Sequence Tagging 

 Sequence tagging combines the approaches of de novo with database searching by 

using a sequence tag, which consists of a portion of the peptide sequnece derived from a 

short contiguous ion series, to reduce the number of candidate sequences that match the 

peptide molecular weight (Figure 1.9).77 Several algorithms exist using this approach or 

slight variations of this approach, including PeptideSearch77, 86, Sequence Query from 

MASCOT software package87, Popitam,88 OpenSea,89 and GutenTag90, 91. 

 

1.3.3.2.3 Peak Matching 

Peak matching algorithms, e.g., MS-Tag,92, 93 score and rank the candidate 

sequences by comparing the number of expected fragment ions (the types of which are 

user-defined and instrument specific) and the observed peaks present in the MS/MS 

spectra. This approach allows more of the fragmentation information in the MS/MS 

spectrum to be used (by using more ion types like internals, immonium ions). However, 

this approach usually requires human intervention. In addition, the scoring routine is 

usually not sophisticated enough and results in the same ranking for multiple unique 

peptides.37 
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Figure 1.9  Conceptual diagram of original sequence tagging approach:77 A sequence 
tag is generated by de novo sequencing for a portion of the unknown 
peptide. This tag and the masses of the remaining portion of the sequence 
are used as rigorous criteria for extracting candidate sequences from a 
database. (Figure reproduced with permission from reference 37.) 

 

1.3.3.3 Problems and Challenges in Sequencing Algorithms 

As different as the above approaches may appear, all the current readily available 

algorithms use a non-selective or uniform fragmentation model to describe the 

fragmentation process. This model assumes uniform behavior for all 20 amino acid (AA) 

residues regardless of the different chemical properties of the side-chains. While 

algorithms using this overly-simplified cleavage model are able to identify a significant 

number of peptides (10%-35% on a daily basis1, 35-37), many other peptides have 

fragmentation behaviors very different from this model and thus cannot be identified.37 

The false positive and false negative rates of the existing algorithms are high.38 While 
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intensity patterns of the fragment ions from the same peptide under the same 

experimental settings are highly reproducible, current readily available algorithms are not 

taking much advantage of the intensity information available in the MS/MS spectrum 

because these intensity patterns are not very well understood. Thus, the random 

fragmentation model is considered the main element limiting the algorithms from 

substantial improvement. By incorporating a fragmentation model that better describes 

the fragmentation process, the intensity information of the fragment ions should enhance 

the algorithm to pick the correct sequence candidate. 

In the past few years, based on the progress of peptide fragmentation mechanism 

studies, several attempts started to utilize the fragment ion abundance information in an 

algorithm. These include Spectrum Mill (algorithm not published, 

http://www.agilent.com) that calculate Scored Peak Intensity (SPI, the percentage of 

intensity from the 25 most intense peaks that can been assigned, value less than 70% 

represents a poor interpretation), the probabilistic decision tree to estimate the likelyhood 

of the intensity of each fragment ion by Elias et al.,36 and the kinetic model from Zhang 

for spectrum prediction.94 The overall trend is to improve the performance of the 

algorithms by incorporating more structrual information into their scoring scheme, 

instead of simply scoring the presence or absence of peaks independently.  

 

1.4 Gas Phase Peptide Dissociation Mechanism Study 

1.4.1 Different Chemical Properties of the 20 Amino Acid Residues 

http://www.agilent.com/
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 Peptides have polymer-like backbone but different side-chains. Their lengths vary 

over a wide range, e.g., 5 - 55 AA residues in the PNNL dataset (See Section 1.5.3). 

There are twenty commonly occurring amino acid residues that can make up a peptide. 

They have different structrues, different chemical properties, and different frequencies of 

occurence in a peptide (Table 1.2). It is chemically incorrect to expect uniform behavior 

from different AA residues when peptides fragment in the gas phase. 

The degree of complexity when studying peptide gas-phase dissociation patterns is 

very high. The twenty different side chains of the amino acid residues create 400 

different chemical environments at the peptide bonds. There is no particular order known 

which these amino acid residues follow when forming the peptides. Secondary structures 

also influence the chemical environments around the peptide bond which leads to 

astronomical number of possible variations. During the ionization process before entering 

the mass spectrometer, various numbers of protons are added to the peptides and the 

proton solvation structures of these molecules in the gas-phase also determine the 

fragmentation patterns.95 All these factors intertwine in determining the fragmentation 

spectrum, which imposes enormous challenges to scientists who are trying to understand 

the fragmentation patterns and to use intensity information from MS/MS spectra. 
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Table 1.1  The structrues and chemical properties of different AA residues. 

Name 
(Composition)

Symbols 
 

Mono- 
isotopic 

Mass (Da)

Proton 
Affinity96 

(kJ mol-1)

Freq. in 
Proteins97

(%) 

Residue Structure 
(from http:// 

www.matrixscience.com )

Alanine 
C3H5NO Ala A 71.04 895.4 8.3 

 

Arginine 
C6H12N4O Arg R 156.10 1023.3 5.7 

 

Asparagine 
C4H6N2O2 

Asn N 114.04 922.1 4.4 
 

Aspartic acid 
C4H5NO3 

Asp D 115.03 904.6 5.3 

 

Cysteine 
C3H5NOS Cys C 103.01 894.5 1.7 

 

Glutamic acid 
C5H7NO3 

Glu E 129.04 933.8 4.0 

 

Glutamine 
C5H8N2O2 

Gln Q 128.06 928.0 6.2 

 

Glycine 
C2H3NO Gly G 57.02 879.9 7.2 

 

Histidine 
C6H7N3O His H 137.06 967.7 2.2 

 

Isoleucine 
C6H11NO Ile I 113.08 913.7 5.2 

 
 

http://www.matrixscience.com/
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Table 1.2−contituned 

Leucine 
C6H11NO Leu L 113.08 908.7 9.0 

 

Lysine 
C6H12N2O Lys K 128.09 984.8 5.7 

 

Methionine 
C5H9NOS Met M 131.04 924.2 2.4 

 

Phenylalanine 
C9H9NO Phe F 147.07 919.2 3.9 

 

Proline 
C5H7NO Pro P 97.05 928.4 5.1 

 

Serine 
C3H5NO2 

Ser S 87.03 899.5 6.9 

 

Threonine 
C4H7NO2 

Thr T 101.05 917.5 5.8 

 

Tryptophan 
C11H10N2O Trp W 186.08 935.9 1.3 

 

Tyrosine 
C9H9NO2 

Tyr Y 163.06 923.4 3.2 

 

Valine 
C5H9NO Val V 99.07 905.0 6.6 
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1.4.2 Systematic Study Using Model Peptide Systems 

The traditional studies on gas-phase peptide fragmentation mechanisms are based on 

model peptide systems.98, 99 In these studies, the structure of a peptide is altered 

systematically and the corresponding changes in the fragmentation patterns are used to 

support/reject possible mechanisms. The typically used alterations of the peptides 

include: subsituting or moving a single residue in a sequence, blocking either/both 

termini, varying the configuration of the residue (i.e.,the D- vs. the L- configuration), and 

varying the size of the peptides. These studies are effective in elucidating specific 

mechanisms but are usually time consuming in building a general knowledge of 

unimolecular dissociation of protonated peptides. Conclusions are usually drawn from the 

observation of a few relatively short peptides; whether or not these conclusions can be 

applied broadly is usually unverified. 

 

1.4.2.1 Mobile Proton Model 

A general framework has been established from the studies using model peptide 

systems to explain how peptides fragment in the gas phase, the core of which is the 

“mobile proton model”.99-104 According to this model, non-selective cleavage of the 

peptide backbone requires the presence of a “mobile” proton at the cleavage site (the 

nitrogen or the more basic oxygen of the amide group), leading to “charge-directed” 

fragmentation (Scheme 1.1) of the peptide bond. When basic residues exist in the peptide, 

the proton may be localized by the side chain of the basic residue; additional energy is 

required to transfer the proton to the backbone to induce amide bond dissociation.102 This 
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additional energy increases with the gas phase basicity of the basic residue. Under such 

conditions, alternative pathways, which require lower energy than that required to move 

the proton from the basic side chain, are followed, e.g., side chain specific cleavages 

C-terminal to aspartic acid (Asp or D) or glutamic acid (Glu or E) are initiated by the 

acidic hydrogen from the side chains (Figure 1.10, Scheme 1.2).101 Based on this “mobile 

proton model”, it was inferred that the basicity of the peptide compared to the number of 

added protons determines the mobility of the protons, which then determines the 

fragmentation pathways.4, 105 Following the studies using model peptides, Chapter 2 will 

present a study using the data-mining approach on the Cleavage Enhancement Ratio 

(CER)105, which compares the cleavage abundance at Asp-Xxx vs. the average abundance 

at other peptide bonds. The study shows that CER is higher in doubly charged tryptic 

peptides containing an internal basic residue than those without an internal basic residue.  
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Scheme 1.1  Commonly accepted charge-direct fragementation of a peptide. Different 

protonated sites (the nitrogen vs. the oxygen of the amide bond) lead to 
interchangable b ion structures. 

 

 

 

 

 

 

 

 

 

 
 
Figure 1.10  Fragmentation spectrum of singly protonated peptide ADLSHIETRA. 

Selective/enhanced cleavage at Asp-Xxx is observed. (Spectrum accquired 
on a LCQ Classic, provided by Guilong Cheng, University of Arizona.)

R
el

at
iv

e 
A

bu
nd

an
ce

 

N
N

N

R1

O R2

OH R3

OH H

H

Acylium
Cation

Oxazolonium Cation

NH CH C O

R2

N
N

N

R1

O R2

O R3

OH

H

H H

C
N

CH
CO

O

R2

H

R1

N

H

[ A D L S H I E T R A ] +  

m/z

y8



 

50

Scheme 1.2 The formation of (a) the succinic anhydride b ion and (b) the oxazolone b ion. (Adapted from ref. 106) 
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1.4.2.2 Proline Effect 

Unusual fragmentation behavior has been noted at proline in peptides107-110 (Figure 

1.11) as well as in whole proteins111, 112—the so-called “Proline Effect”. Cleavage 

N-terminal to proline (Xxx-Pro) is often observed as the dominant cleavage of a 

protonated peptide. Pro or P is the only residue whose amide nitrogen forms a ring 

structure with the side chain and causes special conformational rigidity. Siu et al. showed 

the amide nitrogen of Pro does not have higher proton affinity than that of other amino 

acid residues, but suggested a preferred hydrogen bond between the added proton at Pro 

and the carbonyl oxygen from the residue preceding Pro.113 Results for a pentapeptide 

with L vs. D-Pro give a different dominant dissociation fragment for D vs. L114 and 

results for the 6-ring analogue of Pro show strong C- terminal cleavage115. 

With the more recent data mining approach (which will be discussed further in the 

next section), Breci et al. published residue specific cleavage N-terminal to Pro from a 

study of 516 doubly charged Pro-containing tryptic peptides.2, 52 Subsequent statistical 

studies on doubly charged peptides from Tabb et al.3 (1,645 spectra) and Kapp et al.4 

(3,388 spectra) both confirmed the preference for Pro to cleave at its N-terminus. The 

studies presented in Chapter 4 and 5 will expand on this topic and show selective 

cleavage at Pro is charge-dependant and position-dependant. 
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Figure 1.11  Fragmentation spectrum of singly protonated peptide STIPITAE. Selective 
cleavage at Xxx-Pro peptide bond is observed. (Spectrum accquired on a 
LCQ Classic, provided by Guilong Cheng, University of Arizona.) 

 

 

1.4.3 Data Mining Using Spectral Databases 

The few earliest efforts to statistically analyze fragment ion spectra involved small 

number of spectra. Van Dongen and co-workers assembled a collection of 138 peptides 

for their analysis but focused on small singly charged precursor ions and used 

high-energy CID.116 Dancik and co-workers 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.79  
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More recently, several research group have started to use a “data mining” approach 

to glean as much chemical information as possible from large numbers of acquired 

spectra.1-4, 36, 94 These analyses are based on the rules generated by studies of model 

peptide systems, and provide a more general description of peptide dissociation behavior. 

Such efforts have begun to establish a statistical foundation for future algorithms.36, 94 

However, the data-mining approaches in general have two major drawbacks: The 

first one is the requirement of a large set of high quality spectra whose sequences are 

assigned unambiguously. Assembling the required dataset is a major bottleneck. Several 

earlier attempts used either a high cut-off score in available algorithms3, 36, 105, 117 or 

manual validation combined with a cut-off score4, 35 to filter the spectra in the databases. 

Varying numbers of spectra from ~500 to ~5,000 were used1-4, 36, 105 and these studies 

often focus on a single charge state (most often doubly charged). While the requirement 

of high cut-off scores often results in tremendous loss of information, human errors are 

fairly common in manual validation.31 In addition, the use of algorithms to prescreen the 

data introduces bias to the spectral set. The second drawback of these data-mining 

approaches is the prior knowledge constraint they have when they make chemical 

assumptions in sorting the spectra. This will be further discussed in Chapter 5, Section 

5.1. 

 

1.5 Datasets Used in This Dissertation 

 Three different sets of ion trap data were used in the research presented in this 

dissertation. To simplify the possible chemical interactions, peptides that contain 
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modifications of the residues are not included in our datasets. Although the same type of 

instrument generated these spectra, the proteome, experimental parameters 

(chromatographic conditions, instrument settings, etc), and selection criteria varies. 

Efforts were made to all three datasets to ensure the proper sequence assignment to the 

spectra. In all our analyses, one m/z entry in the *.dta file was considered one peak in the 

spectrum. 

 

1.5.1 Dataset from the Yates Laboratory 

 The first set of spectra were obtained from the laboratory of Dr. John Yates, who is 

now with the Scripps Institute (http://fields.scripps.edu/), from an upgraded Finnigan 

LCQTM Classic Ion Trap mass spectrometer with an ESI nano-spray source. The samples 

were a collection of tryptic peptides from a digestion of yeast total cell lysate analyzed by 

MudPIT. MudPIT stands for multidimensional protein identification technology, and 

involves rapid and large-scale analysis by multidimensional liquid chromatography, 

tandem mass spectrometry, and database searching by the SEQUEST algorithm. CID 

spectra of the peptides were acquired under 35% Normalized Collision Energy118 with 

helium as the collision gas. 

 The acquired spectra were analyzed by SEQUEST on the Yates Lab computer 

cluster. DTASelect, software developed by the Yates Lab119, was used to filter the spectra 

by SEQUEST cross-correlation score, admitting only doubly charged tryptic peptides and 

filtering for sequences containing different combinations of basic and (or) acidic residues. 

The compiled sequence database only included peptides with a minimum 
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cross-correlation (Xcorr) score of 2.5 and the existence of 50% expected ions to ensure 

that the correct sequences were assigned by SEQUEST. Manual interpretation was also 

performed on a random selection of the spectra to check the correct assignment of the 

sequence. Among the 1,465 resulting spectra that meet all the criteria, 462 were further 

selected and used in this dissertation. These 462 spectra are from doubly charged tryptic 

peptides that contain at least one acidic residue (See Chapter 2, Section 2.2). In 

subsequent text, this dataset will be referred to as “the Yates dataset”. 

 

1.5.2 Dataset from Lori Smith 

 Lori L. Smith, a previous graduate student from the Wysocki Laborotary in the 

University of Arizona performed individual tryptic digests of insulin, ubiquitin, 

cytochrome C, pepsin, hemoglobin, β-casein and bovin serum albumin. She accquired the 

LC-MS/M spectra of the corrresponding peptides from these digest solutions using a 

Finnigan LCQ Classic.37 The acquired spectra were submitted to SEQUEST by which 

*.dta files were automatically created on the basis of a user-defined signal theshold. By 

comparing the precursor ion mass to a list of peptide masses created by a theoretical 

tryptic digestion of the corresponding protein, the peptide sequence for each *.dta file is 

found. Manual validations of these sequence assignments were also performed. All 

together 119 spectra of unique charge state and sequence from this analysis are used in 

this dissertation. This is the only dataset that does not use commercial sequencing 

algorithms to filter the raw data from a LC-MS/MS analysis. (SEQUEST was only used 

to specify the signal theshold and generate the *.dta from each MS/MS scan.) Therefore, 
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this dataset should represent the true original data that come out of the mass spectrometer 

in a LC-MS/MS analysis. The peptide lengths in this dataset range from 5 to 16 AA 

residues. In subsequent text, this dataset will be referred to as “the Lori Smith dataset”. 

 

1.5.3 Dataset from PNNL 

 Researchers from the laboratory of Dr. Richard D. Smith in Pacific Northwest 

National Laboratory (PNNL) combined the analyses of two types of mass spectrometers 

together to study the proteomes of two organisms Shewanella oneidensis and 

Deinococcus radiodurans.32, 120 Under the same capillary liquid chromatographic 

condition, the same peptides were sent to FT-ICR (home built, 9.4T) and ion-trap 

(Finnigan LCQ) instruments simultaneously. The Accurate Mass Tag (AMT) 

measurement of the precursor ion was obtained from the FT-ICR, while the 

fragmentation information in the MS/MS spectrum from the same peptide was recorded 

by the ion-trap. When the top hit of the sequences assigned by SEQUEST (minimum 

XCorr score 1.5) from the MS/MS spectrum correlated (within 1ppm) with the accurate 

mass measurement under the same ( +5%) retention time, a spectrum was found to have a 

sequence assigned with very high confidence. PeptideProphet was also used to filter 

spectra from Shewanella. 1,137 composite spectra (spectra that show more than one 

peptide might have been selected for fragmentation simultaneously) were identified and 

purged from the Deinococcus dataset. (A composite spectrum is identified if multiple 

peptide hits from SEQUEST are found with corresponding AMTs within one MS/MS 

spectrum.) 1974 spectra (730 from Shewanella and 1244 from Deinococcus) were also 
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purged whose sequences contain N15 isotope or the mass difference is more than 3 Da 

between the theoretical mass of the singly charged precursor ion (MH+) and the recorded 

MH+, provided regardless of the actual charge state, in the first line of the *.dta file from 

LCQ. After all the filtering, altogether 28,330 (16,008 from Shewanella and 12,322 from 

Deinococcus) unique spectra for which sequences were assigned with high confidence 

were used in this dissertation. Because the mono-isotopic peak of the peptide was 

selected to obtain the MS/MS spectra, isotopic fragment peaks were not commonly 

observed in the data.  

The peptides in this dataset are significantly longer than the previous two datasets. 

Among the 28,330 peptide spectra of unique sequences and charge states, the peptide 

length ranges from 5 to 55 amino acid residues, with the median and average both at 16 

amino acid residues. Figure 1.12 shows a summary of the spectral database composition. 

Among the 28,330 spectra, 7,181 (25.3%) are from singly charged peptides, of which the 

median length is 11 residues; 17,660 (62.3%) are from doubly charged peptides, of which 

the median length is 16 residues; 3,489 (12.3%) are from triply charged peptides, of 

which the median length is 26 residues. Separating the spectra by the terminating residue 

of the peptides, 12583 (44.4%) are found from peptides which end in Arg, 14253 (50.3%) 

are from peptides end in Lys. While the majority (62.4%) of the 28,330 spectra are from 

tryptic peptides with no missed cleavage, meaning Arg or Lys are present and only 

present at the C-terminus, 24.1% are from tryptic peptides with 1 missed cleavage, and 

6.0% are from tryptic peptides with 2 missed cleavages. Among those spectra from 

tryptic peptides with no missed cleavage, 5857 (33.1%) are from singly protonated 
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precursors, 10638 (60.2%) are from doubly protonated precursors, and 1180 (6.7%) are 

from triply protonated precursors.  

Cysteine (Cys or C) and tryptophan (Trp or W) are the two residues that have the 

lowest occurrences among all residues in this dataset (lower than expected based on the 

genome) because Cys residues were not reduced and alkylated, while Trp residues are 

prone to oxidation. 

 

 

 

 

 

 

 

 

 

 

 

Figure 1.12 Composition of the 28,330 peptides in the PNNL dataset 

 

This dataset contain much larger number of spectra than the previous two sets. Such 

data should also have few incorrectly assigned spectra, because it takes advantage of two 

different mass spectrometry techniques and a retention time, and records different 

1955 1+, R-ending, 
0 missed cleavage

5677 2+, R-ending, 
0 missed cleavage

604 3+, R-ending, 
0 missed cleavage

3902 1+, K-ending, 
0 missed cleavage

576 3+, K-ending, 
0 missed cleavage

6838 R/K-ending,
1 missed cleavage

4961 2+, K-ending, 
0 missed cleavage

1699 R/K-ending,
2 missed cleavages

604 R/K-ending,
>2 missed cleavages

1494  end in 
other residues
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information from the same peptide, with both MS measurements contributing to the 

confidence of the sequence assignment. Although SEQUEST was still relied upon in 

generating peptide assignment candidates, this approach eliminates the requirement of 

high cut-off scores that results in tremendous loss of information (the number of spectra 

decrease from 129,282 to 1465 after the filters are applied in the Yates data set1). It also 

eliminates human errors which are fairly common in manual validation of large scale 

proteomics data.31 In subsequent text, this dataset will be referred to as “the PNNL 

dataset”. 

 

1.6 Overview 

A variety of data mining techniques have been applied to obtain fragmentation 

patterns at different peptide bonds. Chapter 2 directly extends the investigation on 

cleavage C-terminal to acidic residues from model peptide systems to real-world 

proteomics data (the Yates dataset). Incorporation of rules to predict such selective 

cleavage into the fragmentation model of a commercial algorithm (SEQUEST) was 

achieved and algorithm performance is compared before and after such inclusion on 

another independent dataset (the Lori Smith dataset). Chapters 3-5 use a much larger 

dataset (the PNNL dataset) than that used for the analyses described in Chapter 2, and 

report the results from much more elaborate analyses. Chapter 3 discusses the general 

spectral features, including the total identifiable peaks and their intensities, the frequency 

of multiple assignments to a single peak, as well as the frequency and abundance of 

different ion types in the dataset. Chapter 4 focuses on singly charged b and y ions, which 
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are the most abundant ion types and most useful in sequencing, and studies the cleavage 

of the amide bond at all residue combinations from sets of spectra sorted by chemical 

intuition. Chapter 5 presents a comprehensive data mining scheme to bypass the prior 

knowledge constraints and obtain the overall fragmentation behaviors of the ~30,000 

spectra. Chemical motifs responsible for different fragmentation patterns are also 

elucidated. Finally, suggestions for future directions following the studies presented in 

this dissertation are outlined in Chapter 6. 
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CHAPTER 2  

THE INFLUENCE OF INTERNAL BASIC RESIDUES ON CLEAVAGE 

C-TERMINAL TO ACIDIC RESIDUES IN DOUBLY PROTONATED 

TRYPTIC PEPTIDES  

 

2.1 Introduction 

Much of the research described in this chapter has been published.105 A large portion 

of the text, tables and figures from that publication are repeated here. 

Selective gas-phase cleavage at the peptide bond C-terminal to an Aspartic Acid 

residue (i.e., Asp-Xxx) in protonated or sodiated peptide ions has been investigated by 

several research groups using model peptides.71, 101, 121-125 Recent investigations show that 

when the ionizing protons are not “mobile”, i.e., when they are sequestered by Arg, or 

when a fixed-charge moiety is substituted for a protonated Arg, cleavage catalyzed by the 

acidic hydrogen of the Asp side chain (Scheme 1.2a), which requires a 

seven-member-ring intermediate, becomes pronounced.101 This leads to a 

five-membered-ring succinic anhydride b ion structure106 in contrast to the protonated 

oxazolone structure126-128 typically assumed for b ions (Scheme 1.2b). This Asp-Xxx 

cleavage often results in a MS/MS spectrum in which this fragment ion is prominent 

(Figure 1.10) and for which automated sequencing models may fail.  

His, Lys and Arg are the three basic residues among the 20 AA family (Table 1.2). 

Histidine, an amino acid residue often found in active sites of proteins,129 has a relatively 
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basic side chain whose gas phase basicity is similar to that of Lys.130 The gas-phase 

proton affinities of the Lys and His side chains are both lower than that of Arg but higher 

than those of any other amino acid side chain. Although the proton affinities of the amino 

acids Lys and His have been determined (reference 130 and references therein), there is 

disagreement about their exact values and even the relative order of proton affinities of 

Lys and His. The values of the proton affinities and basicities of their side chains in the 

gas phase have not been established. Morgan et al studied low-energy CID spectra of a 

set of singly protonated G-G-X (X = G, A, V, L, I, F, Y, W, P, M, E, H, R, K) model 

peptides and proposed that the site of protonation changes from the peptide backbone to 

the side chains for His, Arg and Lys.131 In a statistical analysis, Dongen et al. showed that 

His has the highest calculated mean charge retention factors in 138 model peptides 

containing 3-9 residues activated by high-energy CID conditions.116 Additionally, a 

recent publication shows that the proton affinity and the pKa values of His vary as a 

function of its backbone and/or side-chain orientation.132 Because tryptic digestion is one 

of the standard procedures in proteomics studies employing tandem mass spectrometry, 

histidine is usually the only basic residue that is not located at the carboxyl terminus in a 

peptide sequence if the digestion is complete. It is informative, and useful for future 

sequencing algorithm development, to determine how the presence of an internal His 

influences peptide fragmentation. In this study, peptides that have at least one internal 

arginine or lysine, i.e., formed by an incomplete tryptic digest, are also included for 

comparison with those that contain histidine. 
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To investigate how the presence of a basic residue like His influences the 

preferential fragmentation C-terminal to acidic residues, a dataset of 505 peptides is 

examined for comparison with previous conclusions71, 101 drawn from studies of relatively 

small numbers of peptides. The spectra of two types of doubly protonated tryptic peptides 

were interrogated: (1) those with at least one acidic residue (Asp or Glu) and at least one 

basic residue (Arg, Lys, or His) in addition to the Arg or Lys at the C-terminus and (2) 

those without the internal basic residue and with at least one acidic residue. The 

cleavages of these peptides C-terminal to the acidic residue were compared. The results 

for peptides with internal His were also compared to results for peptides with internal Arg 

or Lys. In tryptic peptides containing at least one internal basic residue, one proton is 

expected to be localized at the C-terminal Arg or Lys while the other may be localized at 

the internal basic residue. If this holds true, then cleavage at Asp-Xxx (and possibly at 

Glu-Xxx) should be more dominant for peptides with internal basic residue(s) than for 

peptides without any internal basic residue, because the Asp-Xxx mechanism becomes 

favorable71 when charges are “localized”. 

 

2.2 Data Description 

The Yates dataset (See Section 1.5.1) was used for this study. With each spectrum, a 

program called El CID,133 developed in the laboratory of Dr. John Yates, generated the 

identified singly charged b and y fragment ions corresponding to the identified sequence. 

JavaTM programs were written in University of Arizona to perform automatic analysis of 

the ion intensity patterns. The peptide spectral database investigated in this work contains 
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462 spectra of doubly protonated tryptic peptides with at least one acidic residue and at 

least one internal basic residue in addition to the C-terminal Arg or Lys, and 43 spectra 

without any the internal basic residue and with at least one acidic residue (see Table 2.1). 

Peptides may contain more than one internal basic residue. The length of the peptides 

ranges from 6 to 25 AA residues.  

 

Peptides 
Containing 

w/o 
internal 
basic 

residue 

w/o internal 
basic 

residue and 
w/o Pro 

With 
internal 
basic 

residue(s)

With internal 
basic 

residue(s) but 
w/o Pro 

With 
internal 

His 
only 

With 
internal 

Lys 
only 

With 
internal 

Arg 
only 

Asp and Glu 20 9 160 66 65 37 20 

Asp, no Glu 15 n. a. 137 n. a. 73 19 22 

Glu, no Asp 8 n. a. 165 n. a. 92 30 22 

Table 2.1  Composition of the peptides analyzed in Chapter 2. (n. a. = not applicable or 
not performed, w/o = without)  

 

2.3 Cleavage Enhancement Ratio (CER) 

In order to quantitatively define the enhancement of the cleavage at Asp-Xxx, a term 

called Cleavage Enhancement Ratio is defined. For each ion type (i.e., b or y ions), two 

different average intensities (or average cleavage abundance) are calculated for expected 

peaks that are within the instrument scan range: one for those arising from Asp-Xxx 

cleavage, one for the rest of the peaks, i.e., non-Asp-Xxx cleavage. The cleavage 

enhancement ratio (CER) at Asp-Xxx for each ion type (b or y) is calculated as the 
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average Asp-Xxx cleavage abundance divided by the average non-Asp-Xxx cleavage 

abundance (see Equation 2.1). For a set of spectra, the overall cleavage enhancement 

ratio is the average value of the CERs from individual spectra.  

 

Equation 2.1 

CER: Cleavage enhancement ratio for an ion type at a particular cleavage site 
in a particular spectrum. 

DXpeaki:  Ion intensity at Asp-Xxx cleavage site in the ith instance 

NonDXpeaki: Ion intensity at non-Asp-Xxx cleavage site in the ith instance 

n:    Count of Asp-Xxx cleavage of this ion type in this spectrum 

m:    Count of non-Asp-Xxx cleavage of this ion type in this spectrum 

 

 

 

 

 

According to this definition, if in a spectrum, no cleavage at Asp-Xxx is observed in 

b ions, then its b ion CER value is 0; if the b ions show cleavage at Asp-Xxx is 

comparable to other cleavage sites, i.e., not enhanced or suppressed, then its b ion CER 

will be 1; if selective or enhanced cleavage does occur at Asp-Xxx in b ions, then its b 

ion CER will be above 1. By this definition, the cleavage enhancement ratio, or CER, 

quantifies the degree of enhanced cleavage. In a similar fashion, CER at other sites (e.g., 

Glu-Xxx) or other ion types can also be calculated and the corresponding cleavage 
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patterns can be accessed. The distributions of b and y ion CER for different data sets are 

plotted in this chapter as histograms in which the first pair of bars corresponds to CER of 

0, the second pair of bars is for 0< CER ≤ 1, the third pair is for 1< CER ≤ 2 and so on. 

 

2.4 Overall Effect on Asp-Xxx and Glu-Xxx 

The overall average cleavage enhancement ratio (CER) at Asp-Xxx for peptides 

containing internal basic residue(s) is more than 4 times higher than that for peptides 

without an internal basic residue for both b and y ions (4.25 vs. 1.01 for b ions; 3.49 vs. 

0.71 for y ions). The distributions of individual CERs at Asp-Xxx are plotted in Figures 

2.1a and 2.1b. These graphs show that the distributions of the CERs are considerably 

broadened when one or more internal basic residues are present. While ~60% b ions and 

~70% y ions have CERs less than or equal to 1 (no enhancement) when there is no 

internal basic residue, more than 70% of the b ions and y ions have CERs greater than 1 

when one or more internal basic residues are present. When a similar analysis is done for 

cleavage at Glu-Xxx, the trend is similar but not as significant as that for Asp-Xxx (see 

Figures 2.2a and 2.2b). Leaving out peptides that contain proline (Pro), because Pro is 

known109, 134, 135 to be a residue that may cause enhanced cleavage at Xxx-Pro, does not 

result in much change in the distributions of CERs at Asp-Xxx and Glu-Xxx (see Figures 

2.1c and 2.2c). This means that Xxx-Pro cleavage is not competing with Asp-Xxx or 

Glu-Xxx cleavage, because under the selected condition, there is no mobile proton 

available to activate dissociation at Xxx-Pro (see Chapter 4, Sections 4.3.2.2, 4.3.2.4 and 
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4.3.3.1). Leaving out peptides that contain Glu also does not change the cleavage pattern 

of Asp-Xxx (see Figure 2.3a and 2.3b).  

All of the above data are consistent with the previous observation71, 101 that Asp-Xxx 

cleavage is enhanced when the added proton is sequestered at basic sites, which implies 

that one proton is localized at the C-terminal basic residue while the internal Arg, Lys or 

His residue retains the other. The main reason for the broad distribution of CERs at 

Asp-Xxx among the peptides containing one (or more) internal basic residue(s) is that the 

degree to which cleavage is enhanced depends on (1) the identity of Xxx—the residue 

immediately following Asp, (2) the number of basic residues in the peptides, and (3) their 

relative basicities. Large variance of cleavage abundance is also observed in later 

publications studying the amide bond cleavage patterns among doubly protonated tryptic 

peptides: the influence of individual amino acid residues on the cleavage at their two 

adjacent amide bonds by Tabb et al.,1 the cleavage N-terminal to Pro by Breci et al.2 

These results were further confirmed by Kapp et al. in their fragmentation statistics of 

doubly protonated peptides of different “relative proton mobility”. 
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Figure 2.1  The distribution of b and y ion cleavage enhancement ratios (CERs) at 
Asp-Xxx for peptides that contain both Asp and Glu, and (a) at least one 
internal basic residue, (b) no internal basic residue, (c) at least one internal 
basic residue but no Pro 
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Figure 2.2  The distribution of b and y ion cleavage enhancement ratios (CERs) at 
Glu-Xxx for peptides that contain both Asp and Glu, and (a) at least one 
internal basic residue, (b) no internal basic residue, (c) at least one internal 
basic residue but no Pro 
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Figure 2.3  The distribution of b and y ion cleavage enhancement ratios (CERs) at 
Asp-Xxx for peptides that contain only Asp, not Glu, and (a) at least one 
internal basic residue, (b) no internal basic residue 
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To determine if Asp-Xxx cleavage is competing with Glu-Xxx cleavage, an analysis 

of peptides that contain only Glu, not Asp was also performed (see Figures 2.4a and 

2.4b). The results show that in this data set, the average CER values for Glu-Xxx 

cleavage are very close among peptides with and without the internal basic residue(s) 

(1.81 vs. 1.77 for b ions, 1.63 vs. 1.14 for y ions). However, due to the small sample size 

for peptides without the internal basic residue (only 8 peptides), these results need to be 

further confirmed. A small shift in the distribution of CERs at Glu-Xxx was found when 

comparing this data set to peptides that contain both Asp and Glu. The populations of b 

and y ions at Glu-Xxx having CER greater than 1 increase when Asp is eliminated from 

the sequence (from 40% to 60% for b ions, and from 35% to 45% for y ions) for peptides 

with internal basic residue(s) (see Figures 2.2a and 2.4a).  

One possible reason that the analysis of Glu-Xxx cleavage does not show a 

pronounced difference for peptides with and without internal basic residues is that the 

increase of the Glu side chain by one methylene (compared with Asp) slows the reaction 

for entropic reasons; an eight-membered-ring intermediate structure versus a 

seven-membered-ring one (see Scheme 1.2b) is entropically less favorable.71 It may also 

be significant that the acidities of the Asp and Glu side chains differ: in solution, the 

carboxyl groups of Asp and Glu side chains ionize with intrinsic pKa values129 of 3.9 and 

4.3, respectively.  
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Figure 2.4 The distribution of b and y ion cleavage enhancement ratios at Glu-Xxx for 
peptides that contain only Glu, not Asp, and (a) at least one internal basic 
residue, (b) no internal basic residue 
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2.5 Individual Basic Residue Effect on Asp-Xxx 

To determine if the identity of the basic residue among Arg, Lys and His is 

significant in enhancement of amide bond cleavage at Asp-Xxx, the CERs for b and y 

ions from peptides that contain only the individual internal basic residue were calculated 

(Figures 2.5a-c) and compared to the CERs for peptides without any internal basic 

residue (Figure 2.1b). These graphs show that with the presence of any internal basic 

residue, the cleavage at Asp-Xxx is enhanced, i.e., a significant portion of peptides with 

internal His (>70% for b ions, >60% for y ions), internal Lys (~80% for b ions, >70% for 

y ions), or internal Arg (~85% for b ions, 100% for y ions) have b and y ion CERs above 

1.0. Peptides that do not have any internal basic residue show the opposite 

behavior—more than 60% have b and y ion CERs less than 1.0). For peptides with 

internal basic residue(s), the degree to which cleavage is enhanced varies according to the 

ability of the basic side chain to “hold” the proton. Overall, it can be concluded that the 

degree to which cleavage at Asp-Xxx is enhanced increases with the gas phase basicity of 

the internal residue with Arg > Lys > His.  

In the above analyses, plots for a ions are not shown because the a ions formed at 

Asp-Xxx are formed by a different mechanism from b and y ions.71 The anhydride b ions 

expected from side-chain induced cleavage at Asp-Xxx do not readily lose CO to form a 

ions (see Scheme 1.2b).101 

A summary of the average CER at Asp-Xxx from peptides in different categories are 

shown in Table 2.2.
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Table 2.2 Average cleavage enhancement ratio (CER) at Asp-Xxx for peptides in different categories 

No internal 
basic Residue

No internal basic 
residue and no 

Pro 

Internal 
basic 

residue(s) 

Internal basic 
residue(s) but 

no Pro 

Internal 
His only 

Internal 
Lys only 

Internal 
Arg only CER for 

peptides 
containing 

b ion y ion b ion y ion b ion y ion b ion y ion b ion y ion b ion y ion b ion y ion

Asp and Glu 1.0 0.78 0.74 0.79 4.1 3.5 3.8 3.1 2.2 1.8 4.6 4.4 7.2 7.4 

Asp, no Glu 0.98 0.62 n. a. n. a. 3.5 4.5 n. a. n. a. n. a. n. a. n. a. n. a. n. a. n. a.
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Figure 2.5 The distribution of b and y ion cleavage enhancement ratios (CERs) at 
Asp-Xxx for peptides that contain both Asp and Glu, and (a) His as the 
internal basic residue, (b) Lys as the internal basic residue, (c) Arg as the 
internal basic residue  
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2.6 MockSee: the Modified SEQUEST Algorithm 

2.6.1 Motivation and Goal 

To determine whether the above results, i.e., enhanced cleavage at acidic residues, 

as well as other fragmentation patterns that have been observed from the Wysocki 

Laboratory over the years, can benefit sequencing algorithms, an experiment is designed 

to modify an existing algorithm that identifies peptide sequences from tandem mass 

spectra. The modification targets at the uniform fragmentation model the algorithm uses. 

Specific enhanced cleavage patterns are incorporated into the fragmentation model to 

allow the algorithm to use peak intensities from an MS/MS spectrum. Comparison of the 

algorithm performance before and after the incorporation of the enhanced cleavage 

patterns can then be performed. This program can serve as a tool to test and refine 

fragmentation models and rules developed from chemical mechanistic studies of 

gas-phase peptide fragmentation reactions.  

In the context of this chapter, the more defined goal of this experiment is to 

determine whether the incorporation of specific enhanced cleavage patterns can improve 

the ability of the algorithm to identify a correct sequence from a list of candidate 

sequences. 

 

2.6.2 Implementation of the Fragmentation Model 

The modified sequencing program136 (Appendix I) was written in MatLab (6.0, 

release 12, student version, http://www.mathworks.com) and is a modification of the 

http://www.mathworks.com/
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published81 SEQUEST algorithm. The main modification implemented is the capability 

of generating spectra with enhanced cleavage intensity information predicted for a given 

sequence. Asp and Pro are the two residues on which this study focuses. Results from 

Table 2.2 for enhanced cleavages at Asp-Xxx are incorporated. Enhanced cleavage at the 

Xxx-Pro peptide bond, with an intensity dependence2 on the nature of Xxx (Figure 2.6), 

is also incorporated. For example, with a doubly charged peptide with two arginines, 

cleavage at Asp-Xxx will be more than 7X greater in abundance than the average 

cleavage abundance at other residues; a Val-Pro cleavage will account for approximately 

35% of the total ion abundance in a spectrum while a Gly-Pro cleavage will account for 

less than 5%.  

 

 

 

 

 

 

 

 

 
 

Figure 2.6 Residue specific cleavage at Xxx-Pro (Figure adapted from reference 2.) 
 

Tests of the program have been performed on the Lori Smith dataset (see Section 

1.5.2) acquired from single protein digest runs. A version of SEQUEST based on the 
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open literature81 was also reproduced in MatLab so that test results can be compared 

directly. From hereon, the reproduced SEQUEST will be referred to as “SEQUEST 

Replica”, while the modified SEQUEST will be referred to as “MockSee”. 

 

2.6.3 Algorithm Performance 

119 spectra have been tested in MockSee and SEQUEST Replica. Synthetic spectra 

were generated by both MockSee and SEQUEST Replica based on a given list of peptide 

sequence candidates. For each spectrum, the list of sequence candidates compose of the 

500 sequences generated by commercial SEQUEST after the preliminary scoring step. 

Comparing the synthetic spectra with the real spectra shows that MockSee is successful 

in predicting more “realistic” spectra (as compared to the SEQUEST Replica synthetic 

spectra) from sequences containing “special” amino acid residues that can lead to 

enhanced cleavage. Four different spectra are shown for doubly charged peptide 

LITSHLVDTDPEVDSIIKDEIER in Figure 2.7 as an example. The original acquired 

spectrum (Figure 2.7a) show enhanced cleavage between Asp-Pro peptide bond, 

producing dominant product ions b10 and y13. By incorporating the enhanced cleavage 

models at Asp-Xxx and Xxx-Pro, the predicted spectrum by MockSee shown in Figure 

2.7b has a cross-correlation score of 0.86 with the original spectra. (A cross-correlation 

score of 1 means two spectra are identical, whereas a cross-correlation score of 0 means 

no overlapping between two spectra.) The SEQUEST Replica, assuming cleavage 

happens uniformly at each peptide bond, first normalizes the original spectrum into the 

spectrum shown in Figure 2.7c. Then SEQUEST Replica predicts the spectrum shown in 
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Figure 2.7d based on the peptide sequence, which has a cross-correlation score of 0.45 

with the normalized spectra. As shown by this example, with the more accurate intensity 

information for the fragment peaks in the synthetic spectra, MockSee should have a 

higher chance of finding the correct matching sequence for a given a peptide spectrum, 

especially for those cases where a dominant cleavage overwhelms the other potential 

product ions in the spectrum.  

The testing results from all 119 spectra are plotted in Figure 2.8. MockSee was able 

to assign the correct sequence to the right spectrum for 13 additional peptides than 

SEQUEST Replica (69 vs. 56). The correct sequence was found by MockSee within the 

top 25 ranking candidates for 99 spectra, while SEQUEST Replica was able to do that for 

90 spectra. Out of the 119 spectra, 54 ranked the same by MockSee and SEQUEST 

Replica. When the ranking is different, MockSee ranked the correct answer higher 47 out 

of 65 times. The probability to get higher ranking at random 47 out of 65 times is: 

 

 

 

This probability is much lower than the commonly used probability rejection level at 

0.05. Therefore, we can conclude that by using a more detailed and chemically 

meaningful fragmentation model, the selectivity and sensitivity of an existing algorithm 

can be improved. 
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(a)           (b) 

  
(c)           (d) 

Figure 2.7 (a) The original spectrum, (b) predicted spectrum from MockSee, (c) 
SEQUEST Replica normalized spectrum, (d) SEQUEST Replica predicted 
spectrum for doubly charged peptide LITSHLVDTDPEVDSIIKDEIER  
(Note: Better results in general were obtained when (a) and (b) are 
normalized before cross-correlation comparison.) 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 2.8 Performance comparisons between MockSee and SEQUEST Replica. The 

comparison is based on the ranking of the correct sequence among a list of 
candidate sequences. 
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2.7 Conclusions 

Analysis of the cleavage at Asp-Xxx shows that the cleavage is enhanced in doubly 

protonated tryptic peptides that contain one (or more) internal basic residue(s). These 

results are consistent with locating the second proton at the basic side chain of the 

internal basic residue while the first proton is sequestered at the C-terminal Arg (or Lys), 

allowing the acidic H on the Asp side chain to initiate cleavage. Although this general 

model for cleavage at acidic residues has been suggested before,71, 101 earlier studies 

involved a relatively small number of related model peptide sequences while the data 

reported here are based on hundreds of peptides from real-world proteomics experiment. 

This analysis shows that the degree of cleavage enhancement at Asp-Xxx varies with the 

internal basic residue in the order of Arg > Lys > His, which corresponds to the order of 

gas-phase basicities of the corresponding internal basic residues. Because the database of 

spectra used for this study was produced by the use of the SEQUEST algorithm and was 

filtered aggressively based on the presence of at least 50% expected fragment ions and a 

mininum 2.5 Xcorr score (SEQUEST cross-correlation score), these spectra are a 

collection of relatively “well behaved” peptides. Other spectra may plausibly fail to be 

correctly identified by SEQUEST because they are dominated by product ions from 

Asp-Xxx cleavage. The number of spectra presented in this study is still relatively small 

comparing to our subsequent studies, especially for peptides that do not contain internal 

basic residues. The standard deviation of cleavage intensities at Asp-Xxx is high. 

Cleavages at acidic residues will be further explored in Chapter 4 using much larger sets 

of peptide spectra with more defined basic residue content. Residue-specific cleavage 
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patterns at Asp-Xxx and Glu-Xxx will also be obtained and contrasted in that chapter. 

The priority of Asp and Glu in influencing fragmentation patterns, as well as how the 

locations of the acidic residues affect cleavage C-terminal to themselves will be 

examined in Chapter 5. 

Following this work, another study3 published in 2004 examined how the position of 

internal basic residues influences the overall peak intensities of b and y series ions in 

2568 doubly protonated peptides. A basic residue near the N-terminus of a peptide can 

lead to prominent b series peaks. Fragment ions containing basic residues produce more 

intense peaks than those without basic residues. The effects of presence and position of 

different basic residues follow the order of Arg >> Lys > His. In addition, the concept of 

CER was expanded to Cleavage Intensity Ratio (CIR) by Kapp and coworkers4 and the 

CIR at Asp-Xxx was compared among 3355 spectra from peptides of different charge 

states and different number of basic residues. A “Relative Proton Mobility” scale was 

also proposed from this study in which peptides having a number of protons greater than 

the number of Arg, but less than or equal to the total number of basic residues as 

“partially mobile”.  

The observed enhanced cleavage patterns can be used to improve the performance of 

sequencing algorithms. By incorporating enhanced cleavages at Asp-Xxx and Xxx-Pro 

into the fragmentation model of SEQUEST, improvements in selectivity and sensitivity 

of the algorithm were observed on a dataset of 119 spectra. In addition, Sullivan and 

co-workers also demonstrated that incorporation of the enhanced cleavage at Asp can 

increase database search selectivity.137 Further testing and refinement of MockSee would 
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be desirable. But for fair comparisons, attention is required to select the right testing 

datasets, which should not be composed only of spectra that have been filtered by current 

readily available algorithms. Spectra acquired from synthetic peptides, or those from 

single protein digests whose sequences are manually verified through the molecular 

weight of the peptides would be the most appropriate testing data.  
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CHAPTER 3 

SPECTRAL CHARACTERIZATION FOR PEPTIDES OF DIFFERENT 

CHARGE STATES AND BASIC RESIDUE CONTENT 

 

In the previous chapter, investigation of spectra from doubly charged tryptic 

peptides was reported, with a focus on the influence of basic residues on cleavage 

C-terminal to acidic residues. The study was targeted at a specific type of cleavage from 

specific sets of spectra. The results, however, still have high standard deviations that 

suggest even for a cleavage specific as Asp-Xxx in doubly protonated tryptic peptides 

with zero missed cleavages, cleavage abundance still varies significantly. One of the main 

factors contributing to the large variance is the identity of the C-terminal residue Xxx. 

Later publications1, 2, 4 also showed that characterization of the Xxx-Zzz amide bond 

cleavage base on either Xxx or Zzz only often results in high standard deviation. A more 

detailed model is desirable to catalog cleavage of the amide bond. In stead of studying 

one cleavage at one side of a specific residue in doubly charged tryptic peptides, we 

would like to look at how peptide fragments at all residue combinations simultaneously, 

at all charge states and with different terminating residues.  

However, the 20 naturally occurring AA residues (Table 1.2) lead to 400 possible 

residue combinations. (Let alone the possible modifications of these residues that can 

change their chemical properties and affect fragmentation statistics.) Certain residues are 

by nature less abundant than others. Additionally, intra-molecular interactions complicate 

fragmentation chemistry. The data need to be sorted into chemically meaningful subsets 
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before fragmentation statistics can be extracted at each residue combination. To seek 

statistically meaningful results at each residue combination, a dataset that contains much 

larger number of spectra than the 500 spectra in the Yates dataset is needed.  

It was not until a much larger set of high quality spectra became available to us that 

our plan of much more elaborate analyses of peptide fragmentation became possible. 

With the 28,330 spectra from PNNL (See Chapter 1, Section 1.5.3), analyses of different 

spectral subsets were performed, and the following three chapters present the results. 

First, ion statistics are provided on the ion types that make up the spectra. Then, pair-wise 

fragmentation patterns from ion types that are most prominent and useful in sequencing 

are characterized from peptides of different structural motifs sorted by chemical 

assumptions. Last, a data mining scheme is demonstrated (1) to bypass the prior 

knowledge constraints and obtain the overall fragmentation behaviors of the 28,330 

peptides without using any chemical assumptions, as well as (2) to identify structural 

motifs behind different MS/MS fragmentation intensity patterns. 

 

3.1 Introduction  

The research in this chapter represents our first set of analyses with the PNNL 

dataset on statistics of different ion types that make up the 28,330 spectra.  

Peptide fragment ion types that are typically observed in ion trap instruments 

include: y, y-H2O, y-NH3, b, b-H2O, b-NH3, b+H2O, a, a-H2O, a-NH3, internal, 

internal-H2O, internal-NH3, internal-CO, M-H2O, M-NH3, and immonium ions (See 

Chapter 1, Section 1.3.2.2). When the charge state of the precursor ion is greater than 1, 
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both singly and doubly charged fragment ions may occur. In this study, spectra from 5857 

singly protonated, 10638 doubly protonated, and 1180 triply protonated tryptic peptides 

with zero missed cleavages are compared with spectra from 103 singly protonated, and 

131 doubly protonated peptides that do not contain basic residues. Triply protonated 

peptides that do not contain basic residues are not included in this analysis because there 

are only 2 spectra for this dataset. Computer programs written in PERL (version 5.6.3, 

http://www.perl.com) and MatLab (6.0, release 12, student version, 

http://www.mathworks.com), as well as in SQL under Microsoft SQL-Server 2000 

(http://www.microsoft.com/sql), were used to extract fragmentation ion statistics from 

these five datasets. General spectral features, including the total identifiable peaks and 

their intensities, the frequency of multiple assignments to a single peak are characterized. 

The influence of including internal series ions in the labeling scheme on these spectral 

features is discussed. The frequencies and the normalized intensities of the non-internal 

ions are analyzed and compared. 

 

3.2 Influence of Internal Series Ions on Peak Assignments 

Internal series ions, which form by cleavages of at least two bonds, are commonly 

observed in ion trap spectra. However, they are often not useful for sequencing purpose 

because they usually do not have enough specificity. A sequence can often have several 

possible combinations for internal series ions that can match the same m/z, especially in 

longer peptides under the low resolution of the ion trap. So far, no algorithms have 

reported successful inclusion of internal ions in their scoring functions. Spectra which 

http://www.perl.com/
http://www.mathworks.com/
http://www.microsoft.com/sql
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display abundant internal series ions often have a lower chance to be correctly identified 

because algorithms usually mistake the internal peaks for non-internal peaks.37  

To characterize how internal series ions are affecting peak assignments, two sets of 

analyses were performed on the 5 datasets to investigate the percentage of total 

identifiable peaks and their intensity. The first set of analyses used y, y-H2O, y-NH3, b, 

b-H2O, b-NH3, b+H2O, a, a-H2O, a-NH3, M-H2O, M-NH3, and immonium ions to 

label the spectra, and the second set used the same ion types plus the internal series 

(including internal, internal-H2O, internal-NH3, internal-CO). In each set of analyses, 

the peaks with the above ion types were identified from each spectrum according to the 

assigned sequence using a mass window of ±0.5 around the theoretical m/z. If a peak can 

be labeled as different ion types due to the low resolution of the ion-trap, its full intensity 

is considered equally in both ion types. One m/z entry in the *.dta file is considered one 

peak in a spectrum. Due to the low mass cut-off problem intrinsic to ion trap instruments, 

as well as the experimental high mass cut-off at 2000 m/z, the ions whose theoretical m/z 

fall into the above mass cut-off ranges are excluded from our analyses.  

 

3.2.1 General Spectral Features of Different Datasets 

Table 3.1 summarizes the results from different datasets. First, some general features 

of the datasets, e.g., length of the peptides and the average number of peaks per residue 

were characterized. The results show that the peptides are longer among higher charge 

state datasets. Among tryptic peptides, singly charged tryptic peptides on average have 

11.5 ± 3.6 AA residues with the median at 16 AA; doubly charged peptides on average 
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have 16.4 ± 5.8 AA residues with the median at 17 AA; triply charged peptides on 

average have 25.7 ± 7.8 AA residues with the median at 25 AA. While the spectra of 

singly and doubly charged tryptic peptides display 23.2 and 17.3 peaks per residue 

(median values), respectively, triply charged tryptic peptides display only 12 peaks per 

residue, only half of those from singly charged peptides. Among peptides that do not 

contain basic residues, the longer doubly charged peptides (average 20.2 ± 6.4 AA, 

median at 19 AA) also have fewer peaks per residue than the shorter singly charged 

peptides (average 11.8 ± 4.8 AA, median at 17 AA). This can either mean that peptides of 

higher charge states on average produce fewer peaks per residue, or suggest that spectra 

of longer peptides are incomplete due to the high mass cut-off at 2000 m/z. Another 

analysis shows that the molecular masses of 83% triply charged tryptic peptides and 49% 

doubly charged peptides with no basic residues are above 2000 Da. In particular, 36% of 

the triply charged tryptic peptides have molecular masses beyond 3000 Da. This implies 

that, if formed, a significant portion of the singly charged fragment ions from the larger 

peptides are not recorded. This incompleteness of the spectra may contribute to the lower 

identification rate of triply charged tryptic peptides4, 138 and their low representation in 

our dataset (Figure 1.12). However, the possibility that triply charged peptides do have 

fewer fragment ions per residue cannot be completely ruled out. The greater number of 

charges can allow more specific cleavage; therefore, fewer pathways compete with the 

dominant pathways. 
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 3+ tryptic 2+ tryptic 1+ tryptic 2+  
no RKH 

1+  
no RKH 

Avg. Length and the 
Stdev. 25.7 ± 7.8 16.4 ± 5.8 11.5 ± 3.6 20.2 ± 6.4 11.8 ± 4.8

Median Length 25 17 16 19 17 
% peptide mass > 2000 82.9% 32.4% 0 48.9% 0 
Avg. # of Peaks per AA 12.0 17.3 23.2 14.6 19.1 

# of Spectra 1180 10638 5857 131 103 
w/o internals 48.0 48.2 38.0 36.9 44.3 % Intensity 

Identified with Internals 80.4 65.1 48.1 60.0 54.6 
w/o Internals 32.2 29.0 19.6 26.9 20.9 % Peaks 

Identified with Internals 74.7 52.3 31.1 52.1 34.3 
w/o Internals 22.2 16.1 3.8 17.5 3.6 % Multiple 

Assignments with Internals 63.5 42.5 19.2 47.5 21.3 

Table 3.1 Characterizing spectral sets of different charge states and basic residue 
contents. “3+”, “2+”, and “1+” refer to the charge states. “Tryptic” means 
Arg or Lys only occurs at the C-terminus of the peptide. “No RKH” stands 
for peptides without Arg, Lys or His. Median values are shown unless 
specified otherwise. 

 

 

3.2.2 The Identifiable Peaks and Their Intensity 

Without using the internals in the labeling scheme, about 48% of the total ion 

abundance can be identified from doubly and triply charged tryptic peptides. These ion 

abundances correspond to 32% of total peaks in triply charged tryptic peptides, and 29% 

in doubly charged tryptic peptides. 38% of total ion abundance that corresponds to 20% 

of total peaks can be identified for singly charged tryptic peptides. For peptides without 

basic residues, 37% of total ion intensity that corresponds to 27% of total peaks can be 

labeled from doubly charged precursor ions, while 44.3% of total ion intensity that 

corresponds to 21% of total peaks can be labeled from singly charged precursor ions. The 
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fraction of unidentifiable intensity is most significant in doubly charged peptides without 

basic residues, and the fraction of unidentifiable peaks is most significant in singly 

charged tryptic peptides. A decrease of the ratio between % intensity identified and % 

peaks identified is found with an increase in charge state when the number of basic 

residues stays the same. While the ratio from singly charged tryptic peptides is 1.9, the 

ratios from doubly and triply charged tryptic peptides are 1.7 and 1.5, respectively. A 

higher ratio indicates more selective cleavage, i.e., greater intensity in fewer peaks. For 

peptides without basic residues, a more prominent decrease of the ratios, from 2.1 for 

singly charged peptides to 1.37 for doubly charged peptides, was observed. This shows 

that cleavage is less selective (or more uniform) with more protons on the peptide given 

the same number of basic residues.  

When internal series are included, additional intensities and peaks can be identified. 

The gain in % intensity identified and % peaks identified rise with the charge state. While 

the increase in singly charged peptides is ~10%, doubly charged tryptic peptides have an 

increase of ~20%, and for triply charged tryptic peptides, the increase in % intensity 

identified is 32%, and the increase in % peaks identified is 42% (which is more than the 

total peaks assigned to non-internal ions in this dataset). 

Two things are worth noting. The first is that a considerable fraction of the total 

peaks and total ion intensity cannot be labeled even when internals are included in the 

labeling. This is most significant in singly charged tryptic peptides. This could mean that 

there is a greater contribution of cleavages that are not backbone cleavages for singly 

charged tryptic peptides. The second is that both % intensity identified and % peaks 
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identified are very close for doubly vs. triply charged tryptic peptides without using the 

internals in the labeling. However, when internals are included, the difference between 

these two datasets becomes significant. This could mean 1) internal ions are much more 

abundant in triply charged peptides than in doubly charged peptides, which could be a 

significant reason for the lower identification rate of triply charged tryptic peptides, or 2) 

triply charged peptides, which are on average longer than doubly charged ones and 

therefore have a much larger number of possible internal series ions, have a much higher 

chance for any given peak to be randomly matched to an internal series ion, or 3) both of 

the above. To further examine this, the frequency of multiple ion assignments to a single 

peak is analyzed both with and without internals in the labeling. 

 

3.2.3 Multiple Assignments of the Same Peak 

When internals are not included, less than 4% of the singly charged peptides display 

multiple assignments to the same peak. The frequencies jump to ~17% and 22% multiple 

assignments respectively, in doubly and triply charged peptides. The main reason for the 

large difference between singly vs. multiply charged peptides lies in the much larger 

number of possible fragment ions from multiply charged peptides. The inclusion of 

doubly charged fragments from multiply charged peptides greatly increases the number 

of possible fragment ion assignments compared with that from singly charged peptides. 

In addition, peptide lengths increase with the charge state, and longer peptides have more 

possible fragment ions. When the number of possible fragments from a peptide increases, 

the chance that two peaks share the same nominal m/z also increases. Thus, the 
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significant larger number of possible fragments from peptides of higher charge states 

allows more multiple ion assignments to the same peak to happen under the low 

resolution of the ion trap instruments.  

When the internals are included in the labeling, a significant increase of % multiple 

assignments was observed in all datasets, and the increase is larger in higher charge states 

data. This means that internals frequently have masses overlapping with non-internal 

ions. The number of possible internal series ions increases with the length of the peptide 

much faster than non-internal ion types. (In fact, the number of possible internal series 

ions increases almost exponentially with the peptide length.) Therefore, including 

internals in the labeling scheme causes a significant increase in multiple assignments in 

all spectra, and the increase is more significant in longer peptides and peptides with 

multiple charges. Another analysis shows ~67% of the peaks labeled as non-internal ions 

can also be labeled as internal ions among triply charged tryptic peptides. The high mass 

redundancy of internal series ions and the fact that they have not been proved useful in 

sequencing algorithms lead to our decision that internal series ions be left out in our 

subsequent analyses of the frequencies and average intensities of individual ion types.  

 

3.3 Frequencies and Intensities of Non-internal Ions 

The frequencies and intensities of different non-internal ions in the 5 spectral sets of 

Table 3.1 are summarized in Table 3.2. In each spectrum, the normalized ion intensities 

from the same ion type are summed together as the sum of normalized intensities for that 

ion type in that spectrum. The frequency is calculated as the number of spectra that 
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contain a non-zero sum of normalized intensities for that specific ion type divided by the 

number of total spectra in that dataset. For example, if half the spectra of a set contain at 

least one b+, the frequency for b+ would be 0.5. A median value is then calculated from 

those spectra showing a non-zero sum of normalized intensities for that ion type.  

The frequencies of x and c ions, which are ion types not typically expected in ion 

trap data and are used here as a measure of the probability of random matching and the 

noise level, show that the probabilities of random matching in ion trap spectra are very 

high—they range from 0.841 to 0.904 in the tryptic data, and from 0.786 to 0.931 in the 

“no basic residue” data. There is a correlation between the frequency and the charge 

states that shows the probability of random matching is higher for peptides with more 

protons given the same number of basic residues. Fortunately, the intensity attributed to 

such random matching, is relatively low—only ~0.5% of the total ion intensity. 

Combining this result with our previous observation on the abundance of internal series 

ions in triply charged tryptic peptides, one can conclude the main differences in % 

intensity identified and % peaks identified between doubly and triply charged tryptic 

peptides when internals are included in the labeling scheme (Table 3.1) are the presence 

of more abundant internal series ions in triply charged peptides. Random matching does 

contribute to the intensity matched by the internals (due to the increase in possible 

fragment ions in longer peptides), but the intensity from such random matching is 

relatively small. In other words, the number and abundance of internal ions does increase 

with the charge state as one might expect because formation of an internal ion requires 
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two cleavage sites and cleavages are facilitated by protons. The presence of abundant 

internal ions may lead to the low identification rate for triply charged tryptic peptides. 
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3+ tryptic 2+ tryptic 1+ tryptic 2+ no RKH 1+ no RKH 
Ion Type 

Freq. % Int. Freq. % Int. Freq. % Int. Freq. % Int. Freq. % Int.
y+ 1.000 7.2 1.000 19.2 1.000 9.5 1.000 7.5 1.000 7.9 
y2+ 0.997 10.0 0.973 2.1 n. a. n. a. 0.924 0.8 n. a. n. a. 

[y-H2O]+ 0.945 1.0 0.976 1.4 0.983 1.6 0.977 1.7 0.971 1.7 
[y-H2O]2+ 0.985 2.2 0.955 1.1 n. a. n. a. 0.954 0.9 n. a. n. a. 
[y-NH3]+ 0.956 1.0 0.972 1.3 0.980 1.8 0.962 1.4 0.903 1.4 
[y-NH3]2+ 0.986 2.7 0.956 1.2 n. a. n. a. 0.969 0.9 n. a. n. a. 

total int. of 
y series n. a. 24.1 n. a. 26.3 n. a. 12.8 n. a. 13.2 n. a. 11.0 

b+ 0.997 3.8 1.000 6.5 1.000 5.3 1.000 6.9 1.000 11.4 
b2+ 0.997 4.6 0.921 0.8 n. a. n. a. 0.969 1.3 n. a. n. a. 

[b-H2O]+ 0.967 1.6 0.988 2.6 0.995 3.0 0.992 1.8 0.971 4.7 
[b-H2O]2+ 0.980 2.2 0.902 0.7 n. a. n. a. 0.947 0.9 n. a. n. a. 
[b-NH3]+ 0.963 1.2 0.981 2.0 0.981 2.0 0.985 1.6 0.932 3.8 
[b-NH3]2+ 0.981 2.4 0.902 0.7 n. a. n. a. 0.947 1.0 n. a. n. a. 
[b+H2O]+ 0.891 0.7 0.868 0.5 0.911 0.7 0.855 0.5 0.796 0.5 
[b+H2O]2+ 0.968 1.2 0.917 0.7 n. a. n. a. 0.931 0.9 n. a. n. a. 

a+ 0.945 0.8 0.970 1.1 0.969 1.2 0.947 0.8 0.971 1.2 
a2+ 0.969 1.5 0.901 0.7 n. a. n. a. 0.939 0.8 n. a. n. a. 

[a-H2O]+ 0.922 0.7 0.922 0.7 0.924 0.7 0.924 0.6 0.893 0.7 
[a-H2O]2+ 0.969 1.2 0.887 0.6 n. a. n. a. 0.954 0.5 n. a. n. a. 
[a-NH3]+ 0.914 0.8 0.944 0.9 0.961 1.0 0.908 0.8 0.932 1.1 
[a-NH3]2+ 0.969 1.5 0.901 0.7 n. a. n. a. 0.939 0.8 n. a. n. a. 

total int. of 
b series n. a. 24.1 n. a. 19.2 n. a. 13.9 n. a. 19.1 n. a. 23.5 

[M-H2O]+ 0 n. a. 0.002 0.1 0.448 0.3 0 n. a. 0.398 0.3 
[M-H2O]2+ 0.114 0.2 0.314 0.3 n. a. n. a. 0.435 0.8 n. a. n. a. 
[M-NH3]+ 0 n. a. 0.002 0.1 0.953 2.5 0 n. a. 0.893 1.2 
[M-NH3]2+ 0.120 0.1 0.507 0.5 n. a. n. a. 0.595 0.8 n. a. n. a. 
immonium 0.028 0.3 0.057 0.3 0.004 0.2 0.008 6.0 0.029 0.1 

x 0.891 0.6 0.865 0.5 0.841 0.5 0.908 0.6 0.786 0.5 
c 0.904 0.6 0.865 0.5 0.845 0.5 0.931 0.8 0.816 0.5 

Table 3.2  The frequencies (Freq.) and the sum of normalized intensities (Int.) of 
different ion types among different spectral sets. The intensities of those 
ions that are significant are highlighted in bold. (See text for details.) 
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The ion types that are at least twice as abundant as the noise are: 1) from triply 

charged tryptic peptides: y+, y2+, [y-H2O]2+, [y-NH3]2+, b+, b2+, [b-H2O]+ , [b-H2O]2+, 

[b-NH3]+ , [b-NH3]2+, a2+, [a-NH3]2+; 2) from doubly charged tryptic peptides: y+, y2+, 

[y-H2O]+ , [y-H2O]2+, [y-NH3]+ , [y-NH3]2+, b+, [b-H2O]+, [b-NH3]+, a+; 3) from singly 

charged tryptic peptides: y+, [y-H2O]+, [y-NH3]+, b+, [b-H2O]+, [b-NH3]+, a+, [a-NH3]+, 

[M-NH3]+. 4) from doubly charged peptides without basic residues: y+, [y-H2O]+, 

[y-NH3]+ , b+, b2+, [b-H2O]+, [b-NH3]+; 5) from singly charged peptides without basic 

residues: y+, [y-H2O]+, [y-NH3]+, b+, [b-H2O]+, [b-NH3]+, a+, [a-NH3]+, [M-H2O]+. The 

intensities of these ion types are highlighted in bold in Table 3.2. The intensities of 

different ion types vary in different datasets. From doubly protonated peptides, singly 

charged fragments are the most abundant species, but from triply protonated peptides, 

doubly charged fragments are the most abundant species.  

Among all the non-internal ion types listed, singly and doubly charged b and y ions 

are the most abundant species. They are also the most useful ion types in sequencing. 

Figure 3.1 highlights how the intensities of b+, y+, b2+, y2+ vary in different datasets. 

Regardless of the charge state, tryptic peptides all have a preference of forming y series 

ions over b series ions, which agrees with previous observations.3 The presence of a basic 

residue at the C-terminus of tryptic peptides stabilizes the y ions by localizing the proton 

at the basic side chain, thus preventing them from further fragmentation; the b ions, 

without the Arg or Lys to hold the proton, are less stable and thus more susceptible to 

subsequent fragmentation. When basic residues are not present in the sequence, the 

intensities of b ions become comparable to, if not more abundant than, the y ions. This 
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also correlates with previous observation139 and is presumably because the N-terminal 

amine is the most basic site in the peptide when no basic residue is present. The largest 

intensity difference between the b and y ion series is found in doubly charged tryptic 

peptides.  

Further investigation regarding charge retention during peptide fragmentation shows 

that if the intensities from all neutral loss peaks are included, b series ions (representing 

the charge retention by the N-terminal side) have higher intensity over y series ions 

(representing the charge retention by the C-terminal side) except in doubly charged 

tryptic peptides (Table 3.2 and Figure 3.2).  

Another interesting observation is that singly charged ions corresponding formally to 

neutral loss from b ions have higher frequency and are more abundant than those from y 

ions (Table 3.2). Doubly charged peaks corresponding formally to neutral loss from b 

ions, however, are less frequent and less abundant than those from y ions. 

Note that no singly charged “neutral loss” ions from multiply charged parent ions 

(i.e., MH3
3+  [MH-NH3]+ or MH3

3+  [MH-H2O]+) are recorded for triply charged 

tryptic peptides and doubly charged peptides with no basic residues. This may be because 

these ions are not formed (requires loss of 2 protons in addition to loss of H2O or NH3), 

or even if formed, they are often beyond the high m/z cut-off at 2000 and therefore not 

detected. Their doubly charged counterparts (i.e., [MH2-NH3/ H2O]2+), however, are 

observed. Regardless of the charge state, peaks corresponding to ammonia loss from 

parent ions are more common and usually more abundant than the water loss peaks from 

parent ions. Of all the peaks corresponding to neutral loss from parent ions, only  
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Figure 3.1 The total normalized intensity of b+, y+, b2+, y2+ (from left to right) in 

different datasets.  
 

 

 

 

 

 

 

 

 

 

 

Figure 3.2 The abundance of b series ions vs. y series ions in different datasets 
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[M-NH3]+ from singly charged peptides have prominent intensity. Having an Arg or Lys 

at the C-terminus in singly charged peptides doubles the intensity of the [M-NH3]+ peak. 

The frequency of the immonium ions is low in all datasets due to the low m/z 

cut-off in the ion trap. The intensity of such ions is also not significant among the few 

spectra that display them. Although doubly charged peptides without basic residues show 

a normalized intensity for immonium ions at 6.0%, it is not considered significant 

because its frequency is only 0.008, which corresponds to only 1 spectrum in the 131 

spectra for such peptides.  

 

3.4 Conclusions 

The following conclusions can be drawn from the above analyses:  

1. The peptides are longer in higher charge state datasets.  

2. A significant portion of the spectra from triply charged tryptic peptides and doubly 

charged peptides without basic residues, which are the longest among all datasets 

studied in this chapter, is cut off due to the experimental cut-off at 2000 m/z. 

3. There is a considerable fraction of the total peaks and total ion intensity in ion trap 

spectra that cannot be labeled. This fraction is most significant in singly charged 

tryptic peptides. 

4. For a given number of basic residues in a peptide, cleavages are less selective (or 

more uniform) in peptides of higher charge states. 

5. Internal ions encompass a significant portion of the total ion intensity in ion trap 

spectra. Their abundances are higher in spectra with higher charge states, which may 
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due to easier formation of internal ions when more added protons are available. 

6. The fact that a significant portion of the spectra from triply charged tryptic peptides 

are cut-off and the presence of abundant internal ions in these spectra are the main 

reasons for the lower identification rate of triply charged tryptic peptides. 

7. The low resolution of ion trap causes ambiguity in peak labeling, which leads to 

multiple assignments to the same peak. This can create problem for sequencing 

algorithms. 

8. Longer peptides have a larger number of possible fragment ions. Therefore, spectra of 

higher charge states have higher probabilities of multiple assignments to a single 

peak. The possible internal series ions in particular, increase exponentially with the 

peptide length. Multiple assignments are most significant among triply charged 

tryptic peptides and doubly charged peptides with no basic residues when internals 

are included in the labeling scheme. 

9. Different ion types have different frequencies and abundances among different 

datasets. 

10. The probability of randomly-matching a peak is high in low energy CID spectra. This 

probability increases with the charge state of the precursor ion. However, the intensity 

from such random matching is low. 

11. Singly charged fragments are more abundant than doubly charged fragments when 

the precursor ions are doubly charged. Doubly charged fragments become more 

abundant than singly charged fragments when the precursor ions are triply charged. 

12. b+ and y+ (or b2+ and y2+ in triply charged peptides) are the most abundant fragment 
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ion types when internal ions are not included. Tryptic peptides have a preference of 

forming y series ions over b series ions; while among peptides without basic residues, 

abundances of b series ions are comparable to, if not more intense than, y series ions. 

The largest preference of y series over b series ions is found in doubly charged tryptic 

peptides. 
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CHAPTER 4 

FRAGMENTATION MAPS FOR SETS OF PEPTIDES SORTED BY 

PEPTIDE STRUCTRUAL MOTIFS 

 

4.1 Introduction  

The previous chapter characterized different spectral sets with different charge states 

and basic residue content among the PNNL data and discussed the frequencies as well as 

the intensities of different ion types. This chapter furthers the study by selecting peptides 

with specific chemical motifs, and focusing on ion types that are most prominent in low 

energy CID spectra and most useful in sequencing—cleavage of amide bonds with the 

retention of charge on either the N terminal fragment (b ion) or the C-terminal fragment 

(y ion). Pair-wise fragmentation maps showing cleavage abundance at each AA residue 

combination for singly charged b and y ions from different spectral sets are generated and 

compared. The sorting and filtering of the spectra are based on chemical intuition from 

previous knowledge of peptide fragmentation. Since the multiple factors may contribute 

to the fragmentation of a peptide, special attention has been made to ensure each factor 

can be studied alone or in combination with other factors. Through collaboration with Dr. 

George C. Tseng from University of Pittsburgh, statistical methods are employed to 

visualize and validate the patterns observed, which allow the pair-wise fragmentation 

maps shown in this study to give a detailed and statistically valid description of the 

fragmentation behavior. The residue combinations that show strong enhancement or 

suppression of cleavage in the fragmentation maps give insight into possible chemical 
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interactions at reactive conformations formed by sterically preferred backbone phi, psi 

angles. 

 

4.2 Methods 

4.2.1 Fragmentation Map 

Computer programs written in PERL (version 5.6.3, http://www.perl.com) are used 

to extract fragmentation statistics. A normalization scheme different from the previous 

chapter is used: singly charged b ions (b+) and y ions (y+) are normalized to the most 

abundant peak among all b+ and y+, rather than to the most abundant peak in the 

spectrum. This normalization separates the intensities of b+ and y+ from distortions 

caused by other fragmentation pathways, e.g., neutral loss or internal fragmentation, as 

well as eliminating the undesirable disruption from spectra with different signal-to-noise 

ratios. This normalization also allows direct comparison between b+ and y+ relative 

abundances, and quantitative comparison of the lability of any given amide bond relative 

to the other amide bonds.  

Figure 4.1 illustrates the process used to generate the fragmentation map. Singly 

charged b and y ions are first identified from each spectrum according to the assigned 

sequence and are then normalized to the most abundant peak among all b+ and y+ ions. 

The normalized abundances of b+ and y+ are cataloged by the pair of the AA residues at 

the cleavage site as the relative abundances for such a pair-wise cleavage. From each 

spectral set, two fragmentation maps showing the median relative abundances of bond 

http://www.perl.com/
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cleavages at each residue combination, one for each ion type (b+ and y+), are then 

obtained.  

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4.1 The process used to generate fragmentation maps 

 

4.2.2 Statistical Visualization of Fragmentation Map 

Computer programs written in C++ are used to visualize the fragmentation maps. A 

color gradient scheme (shown on the right side of each fragmentation map below) is used 

to represent the wide variance in cleavage lability among all residue combinations, with 

the darker color corresponding to the more abundant cleavages. The color gradient has 

been carefully chosen so that the fragmentation map can also be effectively represented in 

grayscale. Pair-wise fragmentation maps using such a color scheme are obtained for b+ 
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and y+ from different sets of spectra. Each circle in these maps shows the median 

abundance of such Xxx-Zzz cleavage. Single letter codes of AA residues listed in the 

leftmost column correspond to the N-terminal residue (Xxx) in an Xxx-Zzz pair, while 

those listed along the topmost row correspond to the C-terminal residue (Zzz) in an 

Xxx-Zzz pair. The horizontal dimension of each ellipse is proportional to the count 

(number of the particular Xxx-Zzz residue combination in that dataset) so the 

visualization impact of a lower-count AA pair is reduced. The minimum count and the 

count at 90% quantile are illustrated under the color bar. 

A statistical threshold is employed to determine whether the cleavage abundance 

information for a particular residue combination should be shown when the count of such 

a residue combination is less than 10. Fisher Information (FI) describes the amount of 

information about an unobserved parameter that the observed data carry.140 Denote data 

),,( 1 nXXX L=  the fragmentation intensities of a residue combination. FI is defined as 

∑ −
−×

== 22 )(
)1()(

XX
nnnXFI
iσ

 

where n is the count and 2σ  is the sample variance. A larger n and a smaller 2σ  

correspond to larger FI. We further denote ),,,,,( 111
)(

nii
i XXXXX LL +−=  the 

leave-one-out data and ( ))(,),(max)(~ )()1( nXFIXFIXIF L=  the Fisher information 

when the greatest outlying observation is treated as an outlier and deleted. Therefore 

)()(~ XFIXIF >>  implies that the distribution has a significant outlier. Finally we 
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include the residue combinations in the fragmentation map if they satisfy all of the 

following: 

(1) n≥3. 

(2) When 3≤n≤9, FI(X) is larger than or equal to 500. 

(3) When 6≤n≤9 and FI(X)<500, )(~ XIF >1000. 

Note that rule (3) is introduced as a conservative procedure to recover distributions 

that should have large Fisher information but were deteriorated by an extreme outlier. 

 

4.2.3 Statistical Comparison of Two Fragmentation Maps 

After the pair-wise fragmentation maps are generated for different spectral sets, 

statistical comparisons are performed between them to validate the observed patterns. In 

order to compare the overall difference between two maps, each corresponding cleavage 

site needs to be compared first. Denote Xijk, 1≤k≤nij, the normalized intensities at 

cleavage site i followed by j in map α and denote Yijk, 1≤k≤mij, the corresponding 

intensities in map β. Here nij and mij are the total cleavage occurrences at site i followed 

by j in map α and β respectively. The detection of differences at individual cleavage site i 

followed by j of two maps can be performed by the Wilcoxon (or Mann-Whitney) rank 

sum test141:  
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where R(Xijk) is the rank of Xijk among the combined set of { }
ijij ijmijijnij YYXX ,...,,,..., 11 . 

The Wilcoxon test detects the difference of two distributions without distribution 

assumptions and it is known that under null hypothesis (no difference) the test statistic is 

approximately N(0,1) when nij≥10 and mij≥10. For each cleavage site with nij≥10 and 

mij≥10, a Z score is obtained. A positive Z score means a higher intensity distribution in 

map α and a negative Z score represents higher intensities in map β. A larger absolute Z 

score represents a more significant difference and thus results in a smaller p-value. 

Cleavage sites with nij <10 or mij <10 are treated as information missing. Denote λ as the 

total number of cleavage sites satisfying nij≥10 and mij≥10. To account for the fact that λ 

independent hypothesis tests are simultaneously performed, a p-value rejection threshold 

of 0.001 instead of the usual 0.05 is used to avoid increased false positives.  

After performing the above test for each corresponding cleavage site between two 

maps, to compare the overall differences of two maps, the following test statistic is 

considered: 

d

ij
mandnji

ZW
ijij

∑
>>

=
1010:),(

 

where d is a tuning parameter and the hypothesis testing is more sensitive to differences 

of individual cleavage sites for larger d. In a normal situation, d = 2 is chosen and 

statistical theory has shown that in this case W follows a chi-squared distribution of 

degree of freedom λ under the null hypothesis. To demonstrate the magnitude of the 

differences between multiple fragmentation maps, the statistic V=W/λ is used to take into 
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account different λ in each comparison, in which V is a measurement of the degree of 

difference between different fragmentation maps.  

 

4.3 Fragmentation Maps for Different Spectral Sets 

4.3.1 Ten Sets of Peptides with Specific Structural Features and Charge States 

Spectra from singly and doubly charged tryptic peptides are sorted based on the 

structural features (such as the identity and the location of basic residue, the presence of 

Pro) and charge states of the corresponding peptides. Table 4.1 shows a summary of 10 

different spectral sets for which fragmentation maps are analyzed in this chapter. The 

rationales for examining each set will be presented in subsequent sections. These datasets 

are I. 674 spectra from singly charged tryptic peptides that contain one or more Pro, no 

His (indicated by H), and C-terminal Arg ([...P…H...R]+); II. 1,216 spectra from singly 

charged tryptic peptides that contain one or more Pro, no His, and C-terminal Lys 

([...P…H...K]+); III. 2,182 spectra from doubly charged tryptic peptides that contain one 

or more Pro, no His, and C-terminal Arg ([...P…H...R]2+); IV. 1,834 spectra from doubly 

charged tryptic peptides that contain one or more Pro, no His, and C-terminal Lys 

([...P…H...K]2+); V. 201 spectra from doubly charged peptides that contain one or more 

Pro, one or more acidic residues (Asp or Glu), no His or Lys, C-terminal Arg, and only 

one internal Arg N-terminal to the acidic residue ([…R…P...H…D/E…R]2+); VI. 230 

spectra from doubly charged peptides with the same structural motif as in V but substitute 

Arg for Lys ([…K…P...H…D/E…K]2+); VII. 1,978 spectra from singly charged tryptic 

peptides that contain no Pro or His, and C-terminal Lys ([…P...H...K]+); VIII. 2,755 
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spectra from doubly charged tryptic peptides that contain no Pro or His 

([…P...H...R/K]2+); IX. 829 spectra from singly charged tryptic peptides that contain no 

Pro or His, and end in Arg ([…P...H...R]+); X. 10,638 spectra from doubly charged tryptic 

peptides that contain any combination of residues ([…...R/K]2+). In the subsequent text, 

these spectral sets will be referred to by the Roman numeral preceding them.  
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Roman 
Numeral 

Charge 
State # of P Basic Residue 

Content 
Structural Motif 
Representation 

# of 
Spectra

Most Abundant 
Cleavages 

I 1 H+ ≥1 1 R, 0 K, 0 H […P...H...R]+ 674 D-X, E-X in y 

II 1 H+ ≥1 0 R, 1 K, 0 H […P...H...K]+ 1,216 D-X, X-P in y 

III 2 H+ ≥1 1 R, 0 K, 0 H […P...H...R]2+ 2,182 X-P in y 

IV 2 H+ ≥1 0 R, 1 K, 0 H […P...H...K]2+ 1,834 X-P in y 

V 2 H+ ≥1 2 R, 0 K, 0 H […R…P...H…D/E…R]2+ 201 D-X, E-X in b & y

VI 2 H+ ≥1 0 R, 2 K, 0 H […K…P...H…D/E…K]2+ 230 X-P in y 

VII 1 H+ 0 0 R, 1 K, 0 H […P...H...K]+ 1,978 D-X, E-X in y 
VIII 2 H+ 0 1 R or 1 K, 0 H […P...H...R/K]2+ 2755 I-X, V-X, L-X in y
IX 1 H+ 0 1 R, 0 K, 0 H […P...H...R]+ 829 D-X, E-X in y 
X 2 H+ varies 1 R or 1 K, varies H […...R/K]2+ 10,638 X-P in y 

 
Table 4.1  Summary of the ten different spectral sets analyzed in Chapter 4. The strike through in the structural motif 

representation as in “H” means such residue is not present in the sequence. Forward slash means “either…or…”. 
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4.3.2 Pro-Containing, Arg- vs. Lys-Ending Tryptic Peptides 

4.3.2.1 Frequency of Selective Cleavage in 1+ Arg- vs. Lys-Ending Peptides 

Selective cleavage has been noted for years in the literature71, 99, 101, 108, 110-112, 142, 

especially in peptides whose added protons are less than or equal to the number of Arg71, 

99, 101, 137, 142. In spectra that show selective cleavage, certain cleavage sites become the 

preferred pathways for dissociation, while cleavages at other sites are diminished. Figure 

4.2 is an example of a spectrum showing selective cleavage at the Asp-Pro peptide bond 

from a doubly charged peptide LITSHLVDTDPEVDSIIKDEIER. Product ions b10 and 

y13 from such a selective cleavage dominate the spectrum, and encompass 23% of the 

total ion intensity in the spectrum. It is important to study spectra of this kind because 

they deviate from the uniform fragmentation model, and are usually classified as 

“low-information” content138 or simply “low quality”.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure 4.2  Example of a spectrum showing selective cleavage from the doubly charged 

peptide LITSHLVDTDPEVDSIIKDEIER 
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To study how the identity of different basic residues influences the fragmentation 

statistics, spectral dataset I ([…P…H…R]+) is compared to II ([…P…H…K]+). The 

histidine residue is not allowed in these datasets because His is also a basic residue whose 

side chain can serve as a “proton holder” and allow selective cleavages.105, 143 By 

excluding His, the main structural element that leads to the difference in basicity between 

these datasets is the C-terminal residue. An analysis was performed to see if spectra from 

these two datasets fall into specific categories that involve non-selective vs. selective 

cleavage. The result shows that 53% of the spectra from the Arg-ending peptides (dataset 

I) have 25% or more of the total fragment ion abundance contributed by the 2 most 

abundant fragment ion peaks. On average, these 2 most abundant peaks account for 52.83 

+ 30.41% of the total abundance. However, only 26% of the spectra from peptides 

terminating in Lys (dataset II) have 25% or more of the total abundance contributed by 

the 2 most abundant peaks. On average, these 2 peaks account for 45.07 + 24.18% of the 

total abundance. 

Since the only difference in sequence motif between the two datasets (I and II) is 

the terminal basic residue, one can conclude that the difference in the basicity between 

Arg and Lys results in different degrees of proton localization, thus leading to different 

degrees of selective cleavage. To find out which cleavages among the 400 residue 

combinations are selective, the fragmentation maps for these two datasets are generated. 

 

4.3.2.2 Fragmentation Maps for y Ions from […P...H...R]+ vs. […P...H...K]+ 
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To further elaborate the difference between fragmentation patterns from I and II, 

their fragmentation maps showing the cleavage between all Xxx-Zzz residue 

combinations are prepared and compared. Iy and IIy in Figure 4.3 show the maps for y 

ions from I ([…P…H…R]+) and II ([…P…H…K]+), respectively. For Arg- terminating 

peptides I, cleavage is very strong and concentrated C-terminal to Asp and Glu (rows 

labeled D and E), with the Asp cleavage stronger than Glu cleavage. Weak cleavage was 

observed N-terminal to Pro (column labeled P) and C-terminal to asparagine (Asn or N). 

Cleavages at other sites are minimal. For Lys-ending peptides II, the dominant cleavage 

is N-terminal to Pro, followed by C-terminal to Asp. Only weak cleavage is observed 

C-terminal to Glu. Weak cleavage is also observed N-terminal to Gly. While minimal 

cleavages are observed C-terminal to Gly and Pro, most residue combinations show more 

abundant cleavage in IIy that in Iy. Rows for Arg and Lys are missing because Arg and 

Lys only occur at the C-terminus in these datasets. Most of the columns for Arg and Lys 

are missing because y1 product ions (corresponding to Xxx-Arg or Xxx-Lys cleavages) 

are often below the low mass cut-off inherent to ion-trap instruments.  

 

Figure 4.3  Pair-wise fragmentation maps showing median bond cleavage intensities at 
specific Xxx-Zzz residue combinations for y ions and b ions from I 
([…P...H...R]+) and II ([…P...H...K]+). (Figures shown on the following 
pages.) Subscripts b and y correspond to the ion types. The single letter 
codes of AA residues listed in the leftmost column correspond to the 
N-terminal residue (Xxx) in an Xxx-Zzz pair while those listed along the 
topmost row correspond to the C-terminal residue (Zzz). The color scheme 
is shown on the right side of each map. The horizontal dimension of each 
ellipse is proportional to the count of such pair-wise cleavage. Illustration of 
the proportion between the size and the count is shown under the color bar 
on the lower right corner. 
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Figure 4.3  (See the previous page for figure caption.) 
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Figure 4.3 — Continued   
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Based on previous studies101, enhanced cleavage at acidic residues demands the 

absence of a proton at Asp-Xxx or Glu-Xxx. The observation that cleavages at Asp-Xxx 

and Glu-Xxx are stronger in Arg-ending than Lys-ending peptides corroborates the 

argument102, 105, 137 that the Arg side chain is more effective in sequestering the ionizing 

proton than is the side chain of Lys. The fact that both datasets contain at least one Pro in 

their sequence, but cleavage at Xxx-Pro is enhanced only in Lys-ending peptides 

indicates that differences in proton localization causes the difference in Xxx-Pro cleavage 

patterns—cleavage at Xxx-Pro is charge dependant, i.e., requires a proton at the Xxx-Pro 

amide bond (see also results for III, IV). 

For singly charged Arg-ending peptides, the result suggests that only one dominant 

protonation form exists in which proton is completely “sequestered” by the guanidino 

side chain and not accessible to the peptide backbone. This is consistent with the 

observations (from set Iy) that (1) no enhanced cleavage occurs at Xxx-Pro, even though 

Pro is present in all peptides and (2) cleavages at Asp-Xxx and Glu-Xxx are the dominant 

cleavage pathways, because these cleavages are “charge-remote”99, 101, i.e., they do not 

involve the added proton. Lys-ending singly charged peptides fragment at both Asp-Xxx 

and Xxx-Pro, cleavages previously suggested as being “charge-remote” and 

“charge-directed”99, respectively. The strong cleavage at Xxx-Pro is detected in all cases 

where there is at least one proton in excess of the number of basic residues (See Table 

4.1, datasets III, IV). Thus for Lys-ending peptides, the data suggest that the lower 

basicity of the Lys relative to Arg causes Lys to bind the proton less strongly and/or 

allows other sites, such as the amino terminus to compete for the proton. When energy is 
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added during the low energy CID process, the proton is able to be transferred to the 

peptide backbone. A heterogeneous population of at least two protonated forms exist in 

such peptides, with protonation at various sites possible although not all of these 

protonated forms readily fragment. The first protonation form is similar to that of 

Arg-ending peptides where the proton is localized by the basic side chain allowing 

charge-remote selective cleavage at Asp-Xxx. A second form leads to charge-directed 

selective cleavage at Xxx-Pro; because fragmentation is a kinetic process, this does not 

imply that localizing of the proton at Pro is thermodynamically preferred, but that transfer 

to Pro promotes facile fragmentation. In the subsequent text, “a partially mobile proton” 

will be used to denote the existence of multiple protonation forms. This terminology is a 

related but less rigid definition of “partially mobile” than used previously4 by Kapp et. 

al.. Rather than counting the number of charges vs. the number of basic residues, we base 

our definition on fragmentation maps presented in this chapter. The difference in the 

definition of “a partially mobile proton” between ours and that used by Kapp et. al. will 

be further contrasted in Section 4.3.2.5 for dataset VI.  

 

4.3.2.3 Fragmentation Maps for b Ions from […P...H...R]+ vs. […P...H...K]+ 

Fragmentation maps for b ions from I and II are shown by Ib and IIb from Figure 

4.3. Comparing the overall intensities in these b ion maps to those in the y ion maps from 

the same datasets (Iy and IIy) shows that b ions are significantly less abundant than y 

ions, since each peak is normalized to the most abundant peak among all b and y ions. 

This correlates well with our statistics in the previous chapter (Figure 3.1). Cleavages 
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overall are more abundant in Lys-ending peptides than Arg-ending peptides. No 

enhanced cleavages C-terminal to acidic residues or N-terminal to Pro are observed in 

these b ion maps. 

The absence of enhanced cleavages at Asp-Xxx and Xxx-Pro in these b ion maps 

can be explained by the location of the proton during and after the fragmentation process. 

In tryptic peptides, when selective cleavage occurs C-terminal to acidic residues, the 

proton is at the basic side chain of the C-terminal Arg or Lys. This proton retention is 

most likely to continue after the Asp-Xxx bond breaks which results in a y ion and a 

neutral N-terminal anhydride fragment. For selective cleavage N-terminal to Pro, the 

proton is likely at the carbonyl oxygen of the Xxx-Pro bond to initiate such cleavage. 

When the Xxx-Pro bond breaks, the C-terminal piece is most likely to retain the charge. 

The N-terminal fragment, which would form a b ion if the charge were retained, cannot 

compete for the proton with the C-terminal fragment because of the large basicity 

difference: (1) Pro, with a secondary amine group, is at the N-terminus and (2) Lys is at 

the C-terminus, respectively, of the forming C-terminal fragment. In order to see the 

corresponding b ions from these cleavages, an additional proton and an additional basic 

residue as the proton holder on the N-terminal side of the Asp-Xxx or Xxx-Pro bond may 

be needed. (See Section 4.3.2.5 for characterization of spectra from doubly charged 

tryptic peptides with one internal basic residue on the N-terminal side of the Asp-Xxx or 

Xxx-Pro bond.) 
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4.3.2.4 Fragmentation Maps for y Ions and b Ions from […P...H...R]2+ vs. […P...H...K]2+ 

IIIy and IVy in Figures 4.4 are the y ion fragmentation maps generated for III 

([…P...H...R]2+) and IV ([…P...H...K]2+). In contrast to their singly charged counterparts 

(Iy and IIy in Figure 4.2), which differ for Arg- vs. Lys-ending peptides, these maps 

appear very similar. Our statistical similarity test gives a p-value of 0.0025 between these 

two maps, which is above the threshold 0.001. Therefore, these two maps do not display 

significant difference in their fragmentation patterns. Cleavage N-terminal to Pro is the 

dominant cleavage in both maps, but not as abundant as that in IIy. Minimal cleavages 

are observed C-terminal to Gly and Pro, while weak cleavages are observed C-terminal to 

Ile, Val, and N-terminal to Phe, Gly, and Ser.  

Since only one basic residue exist in these peptides, but two protons are available, 

these data represent the cases when one proton is “localized” at the basic side chain, and 

the other proton is mobile, i.e., being transferred intra-molecularly along the peptide 

backbone, initiating the cleavage at different places. Clearly shown from these two maps 

is that even when a mobile proton is available, there are favored and unfavored cleavage 

sites. Chemical interactions between the side chains and the backbone, steric effects, as 

well as secondary structures of the peptides are the proposed main factors behind these 

patterns. These will be further discussed in Section 4.4. 

The b ion fragmentation maps for these two datasets are also generated (IIIb and 

IVb in Figure 4.4). Preferential cleavage N-terminal to Pro is observed in both maps but 

its abundance is far less than those in the y ion maps. When these b ions are normalized 

to themselves, i.e., to the most abundant b ions, their fragmentation maps show similar 
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patterns as those of y ions (See Section 4.4, Xb and Xy in Figure 4.7). The overall 

cleavage intensities observed in these b ion maps are less than IIb (the b ion maps from 

the singly protonated Lys-ending peptides). This correlates with the observation in the 

previous chapter (Figure 3.1) that the preference to form y ions over b ions is more 

prominent for the doubly protonated than the singly protonated tryptic peptides.  
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Figure 4.4  Fragmentation maps for y ions and b ions from III ([…P...H...R]2+) and IV 
([…P...H...K]2+).  
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Figure 4.4 — Continued   
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The fact that preferential cleavage occurs at Pro when a second charge is added to 

Arg- or Lys- ending tryptic peptides is consistent with the involvement of an added 

proton in the cleavage at Xxx-Pro. Again, the preferential cleavage at Pro does not 

indicate thermodynamically preferred localization of the added proton at Pro because 

fragmentation is a kinetic process (a Pro-protonated form may fragment faster even if 

other protonated forms exist). Other cleavages are also detected in the presence of Pro 

consistent with formation of other protonated forms. A recent publication shows that for 

N-Acetyl OMe proline, proton can be transferred from carbonyl oxygen to amide 

nitrogen.144 When there is only one proton available, preferential cleavage at Xxx-Pro 

was seen only for Lys-ending (IIy) but not for Arg-ending peptides (Iy). This is consistent 

with the lower basicity of Lys allowing the proton to migrate away from the Lys side 

chain. 

 

4.3.2.5 Fragmentation Maps for b Ions and y Ions from […R…P...H…D/E…R]2+ vs. 

[…R…P...H…D/E…R]2+ 

The y ions are dominant for the spectral sets presented above. This is consistent with 

the fact that these peptides all have only one basic residue, and that basic residue is at the 

C-terminus. However, in practical proteomics studies, tryptic peptides with missed 

cleavages are also common (Figure 1.12). For those peptides, basic residues are present 

in more than one location, which may change the b vs. y intensity patterns3. 

Fragmentation maps of b and y ions from V ([…R…P...H…D/E…R]2+) and VI 

([…K…P...H…D/E…K]2+) are generated (Vb, Vy, VIb, and VIy in Figure 4.4). Since 
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these two sets of spectra are from peptides with very specific structural motifs, the 

number of spectra that fit the criteria is limited. Hence in this particular analysis, the 

occurrences are low (<10) for quite a few pair-wise cleavages. The visualization scheme 

described in the experimental section is particularly useful here to show statistically valid 

trends in spite of the lower number of spectra.  

The b and y ion maps (Vb and Vy in Figure 4.5) from V ([…R…P...H…D/E…R]2+) 

are both similar to the y ion map (Iy) from I ([…P...H…R]+). Enhanced cleavage is 

observed C-terminal to Asp and Glu; some weak cleavage was observed N-terminal to 

Pro; while cleavages at other AA pairs are suppressed. These results support our 

hypothesis that the reason enhanced cleavages at Asp-Xxx and Xxx-Pro were not 

observed in b ion maps of singly charged tryptic peptides I and II is because there is only 

one charge and one proton holder at the C-terminal side of the cleavage bond, but no 

proton holder available at the N-terminal side. Once an additional proton is added and a 

basic residue exists at the N-terminal side of Asp and Pro, the b ions from cleavages at 

Asp-Xxx or Xxx-Pro are detected. In addition, the b ion map Vb shows more abundant 

cleavage than the y ion map Vy. Similarity tests show that among all the maps present in 

this study, Vb has the shortest similarity distance to Iy (Table 4.2). This slight 

predominance of b ions over y ions in Arg-containing peptides correlates with our 

observation for cleavage at peptides without basic residues in the previous chapter 

(Figure 3.1). When the basicity of the residues from either side of the cleavage is the 

same, the N-terminus amine is giving b ions an edge over y ions. However, similar b vs. 

y intensity pattern was not found in Lys-containing peptides VI. 
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Figure 4.5  Fragmentation maps for b ions and y ions from V 
([…R…P...H…D/E…R]2+) and IV ([…K…P...H…D/E…K]2+).  
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Figure 4.5 — Continued   
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The fragmentation maps from VI ([…K…P...H…D/E…K]2+) are shown in VIb and 

VIy in Figure 4.5. According to the “relative proton mobility scale”4 by Kapp et al., 

“peptide ions” in VI should contain “partially mobile” protons. However, the 

fragmentation maps show that these peptides behave more similarly to peptides that have 

a mobile proton. Despite the fact that there is one Lys on the N-terminal side of the 

peptides, the y ions (VIy) are significantly more abundant than the b ions (VIb). The y ion 

map VIy shows patterns more similar to those from IIIy ([…P...H…R]2+) and IVy 

([…P...H…K]2+), rather than IIy ([…P...H…K]+). In fact, our statistical similarity tests 

show a p-value of 0.0027 between VIy and IIIy, and a p-value of 0.00013 between VIy 

and IVy (pairs that display different fragmentation patterns have a p-values < 1*10-14). 

The b ion map VIb does show some degree of similarity to IIy ([…P...H…K]+): cleavages 

at Asp-Xxx and Xxx-Pro are more abundant than cleavages at other places; however, 

their intensities are rather weak. The dominance of y ions in VI suggests that when Lys is 

present at the middle of the sequence rather than at the C-terminus, its ability to sequester 

the added proton is significantly hindered. In addition, cleavage at Asp-Xxx is 

significantly weaker in VI vs. V. Such a difference was not observed between the singly 

charged peptides II vs I (IIy and Iy in Figure 4.3). These observations suggest a possible 

interaction between the side chain of the internal Lys and the side chain of Asp among 

the majority of the peptide molecules in VI. A bridge structure may exist in these 

molecules that prevents the Lys side chain from sequestering the proton, allowing a 

mobile proton to induce backbone fragmentation similar to that in doubly charged tryptic 

peptides without internal basic residues (III and IV). Whether or not such an interaction 
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can form may depend on the distance between Lys and Asp, and the secondary structure 

of the peptide. When such an interaction does not happen for a small population of the 

peptides, Lys then has a similar behavior in VI as that of Arg in V, allowing selective 

cleavage at Asp.  

 

4.3.3 Tryptic Peptides without Pro 

4.3.3.1 Fragmentation Maps for y Ions from […P...H...K]2+ vs. […P...H...R/K]2+ 

Cleavage N-terminal to Pro dominates the y ion fragmentation maps from peptides 

that have a mobile or partially mobile proton (Table 4.1). When their no-Pro counterpart 

peptides VII ([…P...H...K]+) and VIII ([…P...H...R/K]2+) are selected, more abundant 

cleavages are observed in y ions at almost all residue combinations (VIIy and VIIIy in 

Figure 4.6). Despite the difference in their charge states, VIIy and VIIIy show very 

similar patterns, except for the enhanced cleavage C-terminal to acidic residues. The 

similarity tests confirmed our observation: by excluding the cleavages C-terminal to 

acidic residues in the calculation, the similarity distance decreases from 10.81 to 2.46 

between these two maps (Table 4.2). Enhanced cleavage C-terminal to β-branched 

aliphatic residues (Val, Ile) and suppression of cleavage C-terminal to Gly are observed 

in both maps. Relatively strong cleavages C-terminal or N-terminal to Tyr are also 

observed in both maps. The preference of Gly, Ser, Thr to cleave at their N-terminal sides 

rather than their C-terminal sides is more prominent in the map for singly charged 

peptides VIIy. Dataset VIII has enough counts to show in VIIIy that Trp can have 

relatively strong cleavage occurring at either its N- or C-terminal side. 
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Figure 4.6  Fragmentation maps for y ions and b ions from VII ([…P...H...K]+) and 
VIII ([…P...H...R/K]2+).  
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The dramatic change in fragmentation maps (IIy vs. VIIy, IIIy and IVy vs. VIIIy) 

shows that when Xxx-Pro is not available, other possible pathways take over. VIIy also 

supports our conclusion that multiple protonation forms exist in singly charged 

Lys-ending peptides. While enhanced cleavages at acidic residues account for one 

protonation form where the proton is at the basic side chain, which are similar to those 

observed for singly charged Arg-ending peptides in Iy, strong and weak cleavage patterns 

at other amino acid residues in VIIy are similar to those observed for doubly charged 

tryptic peptides (VIIIy), in which one proton is transferred along the peptide backbone. 

 

4.3.3.2 Fragmentation Maps for b Ions from […P...H...K]2+ vs. […P...H...R/K]2+ 

The b ion fragmentation maps for VII and VIII are also prepared (VIIb and VIIIb in 

Figure 4.6). While the b ions from VIII ([…P...H...R/K]2+), similar to the b ions from 

their Pro-containing counterparts III and IV, are much less abundant than the y ions from 

the same datasets, b ions from VII ([…P...H...K]+) show interesting patterns that have not 

been observed in other datasets. Similarity tests show VIIb is very different from any 

other b ion maps (Table 4.2). Enhanced cleavage N-terminal to Lys and branched 

aliphatic residues (Ile, Val, Leu) are observed in VIIb. The degree of enhancement is 

higher at cleavage sites where the C-terminal residues are also aliphatic. Most patterns 

observed in the y ions from the same dataset are not observed in the b ions, e.g., no 

enhanced cleavage C-terminal to acidic residues or N-terminal to Gly, Ser and Thr. 
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4.3.3.3 Fragmentation Maps for b Ions and y Ions from […P...H...R]2+  

Leaving Pro out from the singly charged Arg-ending peptides without His did not 

change the fragmentation patterns. The b and y ion fragmentation maps for IX 

([…P...H...R]+) shown in Figure 4.7 are very similar to those from their Pro-containing 

counterpart (Ib and Iy). This corroborates our earlier argument for the single protonation 

form among such peptides in which proton is sequestered by the basic side chain. 

 

4.3.4. Similarity between Different Fragmentation Maps 

Statistical similarity tests between the fragmentation maps from datasets I-VIII 

presented above were performed. Each map is compared to the rest to determine whether 

they exhibit similar fragmentation patterns. Except for pairs IIIy and IVy, IIIy and VIy, 

IVy and VIy, all other maps display unique fragmentation patterns that are significantly 

different from the rest (p-value < 1*10-14). Further assessment of the magnitude of 

difference was designed to determine if some maps are more similar to a specific map 

than to the rest. The degree of difference between selected pairs of fragmentation maps 

was calculated and the results are summarized in Table 4.2. The selection of the pairs of 

the maps to compare is based on whether the two maps display any common 

fragmentation patterns. Some pairs are not selected because very few or no common 

elements are observed in their fragmentation maps.  

 



 

 

133

Figure 4.7  Fragmentation maps for y ions and b ions for IX ([…P...H...R]+). 
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Table 4.2 The degree of difference between selected pairs of fragmentation maps. The Roman numerals (I, II, …, VIII) 
correspond to spectral sets described in Table 4.1. The subscripts b and y correspond to the ion types. Some pairs are not selected 
because they have very few or no common elements in their fragmentation maps shown in Figure 4.3-4.7. 
 
 

Degree of 
Difference Iy IIy Ib IIb IIIy IVy Vb VIb Vy VIy VIIy VIIIy VIIb 

Iy  7.40 - - 11.04 10.49 3.32 6.21 3.55 6.11 14.74 16.01 - 
IIy 7.40  - - 4.97 4.97 6.64 8.05 6.52 2.36 9.25 8.53 - 
Ib - -  3.41 - - 4.37 3.41 - - - - 12.47
IIb - - 3.41  - - 4.18 2.75 - - - - 7.17 
IIIy 11.04 4.97 - -  1.27 - - 7.18 0.55 21.53 9.02 - 
IVy 10.49 4.97 - - 1.27  - - 7.31 1.54 19.48 8.05 - 
Vb 3.32 6.64 4.37 4.18 - -  2.68 2.07 4.23 - - 8.55 
VIb 6.21 8.05 3.41 2.75 - - 2.68  2.90 3.51 - - 9.51 
Vy 3.55 6.52 - - 7.18 7.31 2.07 2.90  4.36 - - - 
VIy 6.11 2.36 - - 0.55 1.54 4.23 3.51 4.36  - - - 
VIIy 14.74 9.25 - - 21.53 19.48 - - - -  10.81 

(2.46)* 12.04

VIIIy 16.01 8.53 - - 9.02 8.05 - - - - 10.81 
(2.46)*  - 

VIIb - - 12.47 7.17 - - 8.55 9.51 - - 12.04 -  
 

* The number in ( ) correspond to the comparison between VIIy and VIIIy with the rows of D and E purged. 
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4.4 Correlation of Fragmentation Patterns to Ramachandran Plots 

Great variability in relative cleavage efficiencies between different AA residue 

combinations exists in almost all fragmentation maps, which shows that the side chains 

play a significant role in determining how gas phase peptides fragment. Especially in 

peptides that have a mobile proton (IIIy and IVy in Figure 4.4), the variability is 

dominated by enhanced or suppressed cleavage at those residues (Gly, Pro, pre-Pro) that 

have Ramachandran phi, psi plots that differ from the general case (Figure 4.8).145 This 

variability is found in both b ions and y ions.  

Figure 4.9 shows the b and y ion maps from 10638 doubly charged tryptic peptides, 

where the normalization is performed within each ion type. The dominance of enhanced 

cleavage N-terminal to Pro (between pre-Pro and Pro) and suppressed cleavage 

C-terminal to Pro and Gly in both ion types suggest a fundamental dependence of 

gas-phase peptide fragmentation on conformational constraints. Ramachandran plots 

(Figure 4.9), based on high resolution protein crystal structure analyses, show that 

allowed and preferred backbone ψ, φ angles for Pro, Gly, and pre-Pro residues differ from 

those of the general case (all other amino acids).145 The correlation between those 

residues that contribute to enhanced/suppressed cleavage in gas-phase peptides and those 

residues that occupy enhanced or limited ψ, φ space in protein structures suggests that the 

factors that control protein backbone conformation, side chain rotamers, and distortions 

of Cα-Cβ also contribute to dissociating conformations in gas phase ions. 
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Figure 4.8  Ramachandran plots for general AA residues, Gly, Pro, and Pre-Pro 
obtained from high resolution protein crystallography data. (Figure 
reproduced from “Structure validation by C alpha geometry: phi,psi and C 
beta deviation”,145 Lovell, S. C., Davis, I. W., Adrendall, W. B., de Bakker, 
P. I. W., Word, J. M., Prisant, M. G., Richardson, J. S., Richardson, D. C., 
Proteins: Structure Function and Genetics, Copyright © 2003 Wiley-Liss, 
Inc., a subsidiary of John Wiley & Sons, Inc.; Reprinted with permission of 
John Wiley & Sons, Inc.) 
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Figure 4.9  Fragmentation maps for b ions and y ions from X ([…...R/K]2+). The 
intensity of each b or y ion is normalized to the most abundant peak within 
that ion type. 
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The correlation suggested above does not mean that a gas-phase protonated peptide 

has a structure identical to that of a similar sequence in a protein crystal, but rather that 

gas phase peptide fragmentations are assisted by local sterically-favored backbone and 

side chain conformations that favor a particular intramolecular nucleophilic attack and/or 

a particular charge solvation structure (e.g., favorable pre-Pro carbonyl…H+….Pro 

carbonyl113 shown in Scheme 4.1). When comparing the fragmentation maps of peptides 

with mobile vs. non-mobile protons, it is clear that cleavage is enhanced at prePro-Pro 

only when a mobile proton is available to the peptide backbone. In addition, results for a 

pentapeptide with L vs. D-Pro give a different dominant dissociation fragment for D vs. 

L114 and results for the 6-ring analogue of Pro115 show strong C- terminal cleavage, 

further supporting a conformational influence on Pro protonation and subsequent 

fragmentation.  

 

 

 

 

 

 

 

 

 

 

Scheme 4.1  Cleavage of the Xxx-Pro bond may be assisted by sterically favored 
backbone and side chain conformations. 
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Additional evidence for such conformational dependence of amide bond cleavage 

was found in cleavage C-terminal to β-branched aliphatic residues, Ile and Val. Such 

cleavage is stronger than other non-Pro cleavages in peptides that have Pro (IIIy and IVy), 

and becomes most prominent where Pro is excluded from the sequences (VIIIy). This 

preferential cleavage at Ile and Val may result from conformational restrictions imposed 

by the β-branched side chain. Ile and Val are known to have allowed and preferred areas 

of Ramachandran plots that occupy slightly lower percentages of total ψ, φ space than the 

other non-Pro residues (Figure 4.10).146 With a γ-branched side chain that impose less 

steric hindrance than the beta branched ones, Leu also shows strong cleavage at its 

C-terminal side (VIIIy). However, this enhanced cleavage is not as strong as those for Ile 

and Val. 
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Figure 4.10 Beta-branched aliphatic residues (Val and Ile) have a more restricted area of 

allowed Phi, Psi angles than other non-Pro residues. (Figure adapted from 
ref 147.) 

 

Several trends in the fragmentation maps appear to be related to the ability of the side 

chains to act as proton acceptors/donors. Relatively strong cleavage C-terminal to 

histidine in b ion formation, as reported for model peptides and smaller sets of collected 

spectra,1, 99, 143 is also observed here (Xb and Xy) and is presumably the result of the 
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localization of the charge on the histidine side chain and initiation of a charge directed 

cleavage. Tryptophan shows relatively strong cleavage at either its N- or C-terminal side 

(VIIIy, Xb and Xy), which may be attributed to its relatively high basicity (Table 1.2). 

Serine shows weak cleavage at its C-terminal amide bond but relatively strong cleavage 

at its N-terminal amide bond (VIIy). H-bonding intermediates may explain this 

observation (Scheme 4.2). The oxygen on the Ser side chain may be involved in solvating 

a proton attached to the neighboring carbonyl oxygen through H-bonding, providing a 

structure with an electropositive carbon that can be attacked by the adjacent N-side 

carbonyl to form a b ion (or a y ion if a proton subsequently transfers). A seven member 

ring is formed if such H-bonding takes place N-terminal to the Ser side chain (Scheme 

4.2a), and is more stable than the six-member ring formed148 if such H-bonding is 

C-terminal to the Ser side chain (Scheme 4.2b). 

 

Scheme 4.2  The H-bonding intermediates formed between Ser side chain and the 
neighboring carbonyl oxygens  
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4.5 Conclusions 

Peptide dissociation patterns in MS/MS spectra are a complex function of the charge 

state, residue identities, the order of the residues and the gas phase structure. The results 

from this study elaborate how a change in the number of protons or AA content can lead 

to dramatically different fragmentation patterns in low energy CID MS/MS of protonated 

peptides. In summary, analyses of a database of 28,330 spectra of unique sequence and 

charge states show that the most important factors influencing the fragmentation process 

are: the mobility of the proton, the position and the basicity of the most basic residue, and 

the presence of Pro. When the proton is localized, cleavage C-terminal to acidic residues 

dominates. When the proton is mobile or partially mobile, cleavage N-terminal to Pro 

dominates. Specific fragmentation patterns found in b ions and/or y ions are shown to 

depend on the availability and the relative position of the basic residue(s). The pair-wise 

fragmentation map proves itself as a very useful tool in describing the different 

fragmentation behaviors from different sets of peptides. The overall statistical approach 

presented in this paper, including the computation of pair-wise fragmentation statistics, 

the visualization tool, the similarity test and distance measurement, can be applied to any 

ion types from any given set of spectra, as long as the number of unique spectra is large 

enough to give statistically valid results. 
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The y ion fragmentation maps from singly and doubly charged tryptic peptides (Iy, 

IIy, IIIy and IVy) explain why doubly charged tryptic peptides are more readily 

identifiable by current sequencing algorithms than singly charged tryptic peptides (Figure 

1.12). The behavior of doubly charged tryptic peptides resembles more closely the 

random cleavage model upon which the sequencing algorithms are based (at least modest 

cleavage happens at a variety of AA pairs). Singly charged tryptic peptides deviate much 

more from such a model, with Arg-terminating peptides deviating more than Lys-ending 

peptides. This also explains why in singly charged peptides, the number of identified 

spectra from Lys-ending peptides out-numbered Arg-ending peptides (Figure 1.12). The 

Lys-ending peptides have more overall cleavage, producing more information for the 

search algorithm to use in comparisons with candidate sequences. In doubly charged 

peptides, this difference in number of identified spectra diminished (Figure 1.12) because 

Arg-ending peptides have almost identical behavior to Lys-ending peptides.  

The great variability in relative cleavage efficiencies between different AA residue 

combinations in almost all our fragmentation maps shows that the chemical properties of 

the side chain play a significant role in determining how gas phase peptides fragment. As 

we noted previously for peptides that have a mobile proton,149 the variability is 

dominated by enhanced or suppressed cleavage at those residues (Gly, Pro, pre-Pro) that 

have Ramachandran phi, psi plots that differ from the general case, which suggests a 
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steric influence on fragmentation. When Pro is not available in the sequence, cleavages 

dominate at those residues (Ile, Val) that occupy slightly lower percentages of total ψ, φ  

space146 than the other non-Pro residues. High order computational molecular modeling 

studies are desirable to further elaborate the possible “cleaving” structures for these 

residue combinations.  

Note that the sorting of the datasets presented in this chapter is heavily based on 

assumptions derived from prior chemical knowledge of peptide dissociation. Spectra that 

do not fall into the categories specified were not included in the analyses. This problem 

will be overcome in next chapter using different data mining techniques, i.e., 

unsupervised clustering and decision tree, to present the overall fragmentation behavior 

of the 28,330 spectra. 

It would be interesting to look at the fragmentation maps of b2+, y2+ from these 

datasets in a similar fashion. However, these doubly charged fragment ions are not 

abundant from doubly protonated precursor ions, and spectra from triply protonated 

peptides where these ions are abundant are very limited. Extensive sorting of the spectra 

to study b2+, y2+ fragmentation patterns often results in counts of pair-wise residue 

combinations too low to be statistically meaningful. Studies of other ion types would also 

be desirable in future, e.g., characterizing water loss and ammonia loss peaks from 

peptides containing specific structural motifs.  
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Results from this study expand our knowledge of peptide fragmentation chemistry 

and can guide experimental fragmentation studies of model peptides, e.g., mechanistic 

studies on Ser-containing and Gly-containing peptides will be interesting based on the 

observation that cleavage at Ser and Gly occurs preferentially at their N-terminal amide 

bond but is suppressed at their C-terminal amide bond, especially for peptides where the 

proton is partially mobile. The fact that peptides with different chemical motifs display 

different fragmentation patterns should be considered into the fragmentation model for 

sequencing algorithms to improve the success rate of the algorithms. Pair-wise cleavage 

patterns should be utilized to allow the algorithms to predict fragment ion intensities 

given a candidate sequence. 
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CHAPTER 5 

A DATA MINING SCHEME FOR IDENTIFYING PEPTIDE 

STRUCTRAL MOTIFS RESPONSIBLE FOR DIFFERENT 

FRAGMENTATION INTENSITY PATTERNS 

 

5.1 Introduction 

Earlier studies on peptide fragmentation relied on model peptides and focused on 

specific residues.71, 100, 101, 106, 107, 109, 137, 139, 142, 143, 150-152 In more recent ones (references 

1-4, 36 and Chapters 2-4), chemical knowledge derived from the model peptides is used to 

sort larger sets of acquired spectra. While these analyses offer insight into the 

fragmentation process, they are constrained by the chemical assumptions on which they 

are based, and cannot provide a complete overview. The number of spectra used by 

various data-mining approaches is often limited by first, the availability of correctly 

identified spectra, which are mostly from doubly charged tryptic peptides,1, 4, 36, 105, 149 and 

second, the specific chemical mechanisms they attempt to study. Because the chemical 

factors behind the dissociation processes are so complex, these studies have to simplify 

the problem by looking at just those peptides that contain very specific structural motifs 

and throw away others that may contain “out-liers” or odd-behavior. Even in the studies 

of peptides with very specific structural motifs using either model peptides or larger sets 
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of acquired spectra, great variability is still common (references 3, 4, 105 and Chapters 2-4). 

A description of the overall fragmentation behavior of peptides from all charge states and 

without restriction on the residue content is not yet available. Our current understanding 

of unimolecular dissociation of peptides is still not sufficient to predict what a 

fragmentation spectrum would look like given the sequence and charge state. 

We propose here the systematic data mining scheme shown in Figure 5.1 to (1) 

bypass the constraints and obtain an overview of the fragmentation intensity patterns, (2) 

understand the chemistry behind these patterns, and (3) provide a solid foundation for 

algorithms to use the fragment ion intensity from an unknown MS/MS spectrum to help 

identify the correct sequence candidate. This data-mining scheme mainly involves two 

steps: cluster analysis and feature extraction. Cluster analysis153 utilizes clustering 

techniques to find clusters of spectra with similar dissociation patterns without prior 

chemical assumptions. Feature extraction analyzes the corresponding sequences and 

charge states of the resulting clusters of peptides and inputs them to a learning machine to 

identify the structural motifs within the clusters. This study represents our effort to 

bypass the prior knowledge constraints: Instead of first sorting the spectra into subsets 

based on the several known chemical factors, then looking for differences in the resulting 

patterns, we start searching for the different patterns directly, allowing those spectra 

sharing the same patterns to gather together, then we let the patterns lead us to the 
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chemical motifs. By using this data mining scheme, a birds-eye-view of the peptide 

fragmentation behaviors can be obtained, along with elucidation of the interplay between 

the underlying chemical factors that lead to different fragmentation patterns. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

 

Figure 5.1  A data mining scheme to identify peptide structural motifs responsible for 
different MS/MS fragmentation intensity patterns 

 

The heterogeneity in the dataset creates great challenges for such a data-mining 

study. For cluster analysis, the first major challenge is the great variability of length and 

residue contents of the peptides. Some examples of such variability are that the same 
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residue may be repeated many times in one peptide while many others residues are 

missing and that two peptides may have no residues in common. The second major 

challenge comes from the low mass and high mass cut-offs in the experimental spectral 

acquisition. While the high mass cut-off is fixed at m/z 2000, the low mass cut-off varies 

with the precursor ion m/z. Therefore the fragmentation information in our spectra is not 

complete (See Chapter 1, Section 1.3.2.1 for the low mass cut-off problem intrinsic to ion 

trap mass spectrometers; see Chapter 3, Section 3.2.1 for further discussion on the impact 

of high mass cut-offs in the PNNL data). This inevitable drawback of ion trap data leads 

to massive information missing from a statistical stand point. In addition, the low mass 

resolution of ion trap data that leads to ambiguous peak assignment will also make 

accurate assessment of the intensity patterns more difficult (See Chapter 3, Section 3.2.3 

for further discussion on the frequency of ambiguous peak assignments in the PNNL 

data). Therefore, it is most challenging to find a right model for distance measurements in 

the cluster analysis that can tolerate all the heterogeneity in the data but remain sensitive 

enough to probe the different existing patterns. For feature extraction, the same challenge 

from the variability in peptide length and residue content exists that leads to the so-called 

“non-standard chemical features”, meaning that these features may not exist in every 

peptide and when they do, they have great variability. Additionally, these features usually 

intertwine and our knowledge is limited on how they affect each other when multiple 
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features are present. In order to overcome all the above challenges, it is crucial to find 

powerful statistical methods and good models to apply the methods.  

The research in this chapter represents a collaboration effort with two talented 

bio-statisticians: Dr. George C. Tseng and Dr. Shinsheng Yuan. At the time of this 

dissertation, Dr. Tseng is an assistant professor from the University of Pittsburg, and Dr. 

Yuan is a post-doctoral research scientist from the University of California at Los 

Angeles. While the main research goal and direction was proposed by the author, Dr. 

Tseng implemented the cluster analysis, and Dr. Yuan accomplished the feature 

extraction. Without their expertise and hard work, this work could have never been 

possible. 

 

5.2 Methods 

As with any study in which statistical methods are applied to answer interesting 

biological questions, choosing the right method to solve the right problem is the key to 

meaningful results. The success in method selection will be determined by the extent to 

which the problem is comprehended and the methods are mastered.  
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5.2.1 Cluster Analysis: Penalized K-means 

The goal of our cluster analysis is to partition all spectra into K clusters (sets of 

spectra) based on the fragmentation patterns in the spectra. The desired output is that the 

spectra within a given cluster display fragmentation patterns as similar as possible to each 

other, and as different as possible from those spectra in other clusters. Therefore, the first 

step in the cluster analysis is to define the distance between one spectrum and one cluster, 

or between two clusters based on their fragmentation patterns. 

 

5.2.1.1 Distance Definition 

The pair-wise fragmentation intensity map from b and y ions (generated in a similar 

fashion to that discussed in Chapter 4.2.1) is defined as the fragmentation pattern for one 

or a set of spectra. That provides the base for our distance (or dissimilarity) calculation of 

two fragmentation patterns. An adjusted Euclidean distance is used, which accounts for 

missing values and does not penalize such situations. Only cleavage pairs observed in 

both patterns in the same ion type contribute to the distance calculation. The distance is 

then normalized to account for variable numbers of contributing cleavage pairs. Under 

this definition, distance between patterns of two peptides may be un-measurable because 

they may not have the same cleavage pairs to compare, but distance between patterns of 

one peptide and one cluster, or that between two large clusters can usually be calculated. 
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5.2.1.2 K-means vs. Penalized K-means 

Once distances between fragmentation patterns are defined, cluster analysis can be 

performed to group peptides that have similar fragmentation patterns. The K-means 

clustering algorithm (Equation 5.1) has been widely applied in many scientific fields154. 

The number of clusters is usually pre-estimated or pre-specified. Then the algorithm aims 

to find clusters so that the within-group-sum-square distances are minimized. Despite its 

wide application, this algorithm has a major deficient in that it assigns all data into 

clusters and does not allow noise.  

 
 
 
 
 
 
Equation 5.1 The loss function to be minimized in the K-means algorithm (from 

reference 155). This represents the problem of clustering data X = {xi , i = 
1, · · · , n} into k clusters, where k is estimated a priori. The resulting 
clustering assignment is represented as C = {C1, · · · , Ck}. Cj’s are 

disjoint subsets of X, where 
)( j

x  is the center of cluster Cj and || · || is 

the usual Euclidean distance. 

 

Very recently, Tseng et al. introduced an extension of K-means, called Penalized 

K-means155 (Equation 5.2), which has much better tolerance to noise. This Penalized 

K-means algorithm specifies a new parameter called threshold λ, which represents the 

radius of each cluster from the cluster center. It also creates an additional cluster to 
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accommodate the noise so that data points whose distances to the centers of all regular 

cluster are greater than the threshold will be collected as noise.  

 
 
 
 
 
 
 
Equation 5.2  The loss function to be minimized in the Penalized K-means algorithm 

(from reference 155). This represents the problem of clustering data X = 
{xi , i = 1, · · · , n} into k clusters, where each object xi can be 
p-dimensional and k is estimated a priori. The resulting clustering 
assignment is represented as C1, · · · , Ck and S. Cj’s are disjoint subsets 

of X, where 
)( j

x  is the center of cluster Cj and || · || is the usual 

Euclidean distance. S is the set of noise (scattered) objects and X = (�j 

Cj) �S. λ0 is a tuning parameter and H is defined as the average 
pair-wise distance of the data. 

 

The Penalized K-means algorithm fits our problem better than the traditional 

K-means because of the existence of “noise” in our dataset: Some spectra only have 

pair-wise fragmentation intensity values recorded for a very limited number of cleavage 

pairs and the patterns found in these pairs may not contribute to the major cleavage 

patterns because they have shorter sequences (e.g., less than 7 AA residues) or 

incomplete fragmentation information as discussed in Section 5.1. Therefore, these 

spectra are better categorized as noise to avoid dilution of the patterns. Additionally, a 

small population of the spectra may display extreme non-selective cleavage: no 
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significant difference exists in normalized intensity for most b and y ions. The patterns 

from these spectra are relatively “random” and thus should also be classified as noise for 

our purposes.  

 

5.2.1.3 Visualization for the Clustering Result: Quantile Map 

A visualization tool, called the Quantile Map is developed to present the distribution 

of the cleavage intensities at each AA pair from a given cluster of spectra. The same 

matrix representation of the Xxx-Zzz pair-wise cleavages as those in Chapter 4 is used 

where single letter codes of the N-terminal residue Xxx is listed along the left most 

column, and the C-terminal residue Zzz is listed along the top row. The main difference, 

however, is that the Quantile Map show the distribution, rather than just the median of 

such pair-wise cleavages. Figure 5.2 gives three examples of the Quantile Map for certain 

Xxx-Zzz cleavages (Figure 5.2a), their corresponding density functions (Figure 5.2b), 

and the color gradient used (Figure 5.2c), which is the same as those used in Chapter 4. 

Ten concentric doughnuts showing the 5%, 15%,…,95% quantiles (from outside inward) 

are plotted for a certain Xxx-Zzz cleavage (Figure 5.2a) using the color gradient shown in 

Figure 5.2c to represent the cleavage intensities in each quantile. For a given cluster, two 

matrices (Quantile Maps), one for b ions and one for y ions, are plotted. The horizontal 
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dimension of the circles illustrates the occurrence of each AA pair in each cluster similar 

to the representation used in Chapter 4. 

 

Figure 5.2  (a) Three examples of Quantile Map for certain Xxx-Zzz cleavage pairs, 
their corresponding (b) density functions and (c) color gradient. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
   (a)        (b)       (c) 
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5.2.1.4 A Test Case: Clustering 1+ and 2+ Arg-ending Tryptic Peptides 

A direct comparison of the effectiveness of the K-means vs. Penalized K-means 

algorithms is performed using two datasets known from Chapter 4 for very different 

fragmentation behaviors: singly protonated (1+) and doubly protonated (2+) Arg-ending 

tryptic peptides without His, corresponding to datasets I and III in Table 4.1, 

respectively. While y ions from 1+ Arg-ending tryptic peptides display dominant 

cleavage C-terminal to acidic residues (Figure 4.3Iy), y ions from the 2+ species show 

strong cleavage N-terminal to Pro (Figure 4.4IIIy). These fragmentation patterns are 

relatively consistent (or uniform) within each dataset. 

 

The spectra from I and III are mixed together and sent for separate cluster analyses 

using the K-means ( K = 2 ), and Penalized K-means ( K = 2 + noise) algorithms. Figures 

5.3a and 5.3b show the Quantile Maps of y ions plotted from the original datasets. 

Figures 5.3c and 5.3d are the clustering results using the combined data by K-means and 

Figures 5.3e and 5.3f by Penalized K-means. Comparisons of these plots show that 

fragmentation patterns from Penalized K-means are cleaner, and better resemble the 

original patterns than those obtained by the traditional K-means. The difference is more 

prominent when the maps from singly protonated peptides I (figures on the left side) are 

compared. The number of spectra in each cluster (shown on the upper left corner of each 

Quantile Map) from the Penalized K-means is also closer to the original datasets than the 
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K-means. Thus we conclude that Penalized K-means is more powerful and appropriate 

for our study than the traditional K-means. 

 

Figure 5.3 (shown on the following page) Performance comparisons between K-means 
and Penalized K-means. Quantile Maps for y ions are shown in (a) I […P...H...R]+ and 
(b) II […P...H...R]2+. Clustering results from the combined dataset using K-means is 
shown in (c) and (d), while clustering results using Penalized K-means is shown in (e) 
and (f). 
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Figure 5.3 (Caption shown on the previous page.) 

 
 
 
 
 
 
 
 
 
 
 

    (a)            (b) 
 
 
 
 
 
 
 
 
 
 
 

    (c)            (d) 
 
 
 
 
 
 
 
 
 
 
 
 
    (e)            (f) 
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5.2.2 Feature Extraction: CART 

After clustering spectra by penalized K-means, a feature extraction is performed to 

identify important chemical motifs and their priorities in determining how peptide 

fragments in the gas phase, with the implication of underlying chemical mechanisms. The 

purpose of our feature extraction step is different from a general classification problem 

(supervised machine learning) where classification error rate is the main concern, and 

weighting factors are often used on different features in order to obtain the optimum 

result. Therefore, many powerful classification techniques including artificial neural 

networks (ANN) and support vector machines (SVM) are not suitable for our purpose. 

Among many methods considered, Classification and Regression Tree156, 157 (CART) 

with a suitably chosen feature space appears to be the most appropriate method. 

The original algorithm for CART is summarized here (Figure 5.4). During each 

iteration, the algorithm loops through each variable searching for the best cut-point that 

divides the data into two groups with the largest decrease on the total loss of all leaf 

nodes. Among these variables, the best one is chosen to be the split condition. Each 

divided subset is sent to CART again for the next iteration. The algorithm stops when a 

chosen requirement for loss reduction can not be met. 
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Figure 5.4  Classification And Regression Tree (CART) 
 

 

The misclassification rate is defined by the Gini index. Assume that there are n 

observations and k classes. Let pi  be the proportion of the ith class. The Gini index is, in 

fact, the misclassification probability for randomly drawing an observation. The expected 

loss for n observations is the Gini index multiplied by the sample size. 
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CART is a greedy algorithm, meaning it only searches for the best feature at the 

current level that may not necessarily result in the best overall tree. The computational 

time to perform exhausted searches for the best overall tree is beyond our computational 

capability. To accommodate this, a local expansion of CART (local-CART) is developed 

to improve the performance. The local-CART differs from CART in using the top five 

ranking conditions at each node instead of one. We assign each condition to the current 

node and apply CART to its two child nodes. Among the five trees obtained, the one with 

the smallest total loss will be chosen. Then, the condition associated with the best tree 

will be assigned to the current node. Subsequently, each divided subset will go through 

similar iterations in the local-CART. Through this “looking ahead” approach, the 

decision tree obtained from the local-CART should be in close proximity to the true best 

overall tree. 

The clustering result from the Penalized K-means algorithm is the response variable 

for CART. The pre-defined features are first generated based on current knowledge of 

peptide dissociation mechanisms, and then evolved empirically through multiple analyses 

in this study. The values of these features from each spectrum are derived from the 

corresponding peptide sequence and charge state.  
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5.2.3 Other Experimental Details 

The PNNL dataset (See Chapter 1, Section 1.5.3) is used in this study. All b and y 

ions from the 28,330 spectra are normalized and catalogued by the AA pair at the 

cleavage site as described in Chapter 4, Section 4.2.1.  

The programs for K-means and penalized K-means cluster analyses, as well as 

visualization of the Quantile Maps are written in C++. The computations in CART are 

performed using the package ‘rpart’ provided in R157 with parameters cp=0.005, 

maxdepth=4, minsplit=100.  

 

5.3 Clustering 28,330 Spectra to 5 Distinct Fragmentation Behaviors 

5.3.1 Obtaining the Right Parameters 

Three parameters in the Penalized K-means algorithm are most important in 

defining the cluster outcome: the number of clusters K, the threshold λ, and the number 

of iteration npass.  

Because the number of clusters K is a predefined variable in the algorithm, the result 

from such cluster analysis is only meaningful when the predefined K corresponds to the 

real K in the dataset. Estimation of the real K though, is usually not feasible in complex 

data sets. We tried several methods for estimating K in our data but were not successful. 
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In subsequent analyses, multiple cluster analyses using K = 4-10 with different λ and 

different npass were performed in searching for the correct K.  

Threshold λ represents the radius from the cluster center. Therefore, the smaller the 

threshold, the bigger the number of spectra classified to the noise set. While a threshold 

too small will lead to incomplete patterns, using a threshold too big will include too much 

noise and dilute the patterns. When the threshold is increased to a certain extent, 

Penalized K-means becomes equivalent to the traditional K-means. Four different λ: 30, 

50, 75 and 100, were tried in our analyses. 

Each iteration starts the clustering with a new random cluster ID for each spectrum. 

The statistical significance of the clustering result—the chance that the result is a global 

minimum, increases as the number of iteration npass is increased. A “sum of square 

distance” of all 28,330 spectra is used to measure the effectiveness of the cluster analysis 

for a certain K and a certain λ. The improvement of the effectiveness through increasing 

npass is most significant when npass is smaller than 500. When the number of iteration is 

over 1000, this improvement becomes minimal.  

    To further test each parameter and assess and confirm the stability of the resulting 

clustering patterns, ten independent sub-samples are obtained by randomly choosing 70% 

of the total 28,330 spectra. Two sets of parameters are used—K=5 (the optimum K, see 

below), npass=1000, λ=75 vs. K=5, npass=1000, λ=100 are tested for each sub-samples. 
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Only by using λ=100 are the same four fragmentation patterns identified in all ten 

sub-sample clustering results. Further discussion of the sub-sampling tests is in Section 

5.3.3. This comparison between λ=75 and 100 proves that clustering result using λ=100 

is more stable and therefore is chosen for our final analysis. This study also confirms the 

existence and stability of the four different patterns of fragmentation behavior obtained. 

 

5.3.2 Five Clusters of Spectra that Display Distinct Fragmentation Behaviors 

With all the above efforts to search for appropriate parameters, the most stable and 

most chemically significant patterns were found using K = 4 + noise, λ = 100 and npass 

= 3000. Figure 5.5 shows the Quantile Maps of b and y ions from the five clusters 

obtained from Penalized K-means cluster analysis. There are two Quantile Maps,  

separated by a blue line, for each cluster: The top map is for b ions, and the bottom map 

is for y ions. The number of spectra in each cluster is listed on the top left corner. The 

corresponding color gradient is shown on the right side. The count illustrations (similar to 

those in chapter 4) are shown under the color bar. 

 

Figure 5.5  (shown on the following pages) Quantile Maps for the five clusters obtained 
by Penalized K-means from 28,330 spectra in the PNNL dataset. The top 
matrix is for b ions, while the bottom matrix is for y ions. 
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Figure 5.5  (Caption shown on the previous page.) 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(a) Cluster i: X-P 
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Figure 5.5 — Continued   
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(b) Cluster ii: I/L/V-X 
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Figure 5.5 — Continued   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(c) Cluster iii: D/E-X 
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Figure 5.5 — Continued   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

(d) Cluster iv: b and y 
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Figure 5.5 — Continued   
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
(e) Cluster v: noise cluster 
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Cluster i shown in Figure 5.5a contains 8293 spectra (29.2% of the total 28,330 

spectra) that show dominate selective cleavage N-terminal to Pro (X-P) in y ions (column 

labeled “P” in the lower map). Cleavages at other places are strongly suppressed except 

for several spots (I-G, K-G, K-H, K-S). However, the intensities of these spots are 

relatively weak compared to the cleavage at X-P and thus are considered minor. The b 

ion map also shows stronger cleavage at X-P, but the overall intensity is far less than that 

in the y ion map. (In subsequent text, the main cleavage feature from Cluster i will be 

referred to as “X-P”.) Cluster ii shown in Figure 5.5b contains 8302 spectra (29.3% of the 

total spectra) that display scattered cleavages from many AA pairs in y ions, with 

stronger cleavage at the C-terminal side of the aliphatic residues. The cleavage intensity 

strength follows the order of I ≈ V > L > A. Cleavage C-terminal to Glutamine (Q-X) is 

also relatively strong. Cleavage C-terminal to Asparagine (N-X), the other residue that 

also contains an amide side-chain, is not strong and does not show the same cleavage 

propensity as Q-X. (In subsequent text, the main cleavage feature from Cluster ii will be 

referred to as “I/L/V-X”.) Cluster iii shown in Figure 5.5c contains 6332 spectra (22.4% 

of the total spectra) that show very strong selective cleavage C-terminal to Asp (D-X) in 

y ions. Cleavage C-terminal to Glu (G-X) is also relatively strong, along with cleavage 

C-terminal to His (H-X) and Lys (K-X). The b ion map, just as the b ion maps in the 

previous two clusters, shows similar trend as the y ions, but has much less overall 
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intensity. (In subsequent text, the main cleavage feature from Cluster iii will be referred 

to as “D/E-X”.) Cluster iv shown in Figure 5.5d contains 4827 spectra (17.0% of the total 

spectra). It is the only cluster among the 4 regular clusters that displays intense b ion 

fragmentation patterns. Strong cleavages at D-X, E-X and X-P are found in both b and y 

ions. Strong cleavages C-terminal to aliphatic residues I, L, V, as well as N-terminal to 

Lys (X-K) are observed in b ions. The overall cleavage intensity from b ions is stronger 

than that from the y ions. (In subsequent text, the main cleavage feature from Cluster iii 

will be referred to as “b and y”.) The last set of Quantile Maps shown in Figure 5.5e 

represents the cleavage patterns in the noise dataset. 576 spectra (2.0% of the total 

spectra) that can not be clustered to the above 4 clusters are gathered here. Cleavages of 

various intensities are found for almost all AA pairs in both b and y ions. 

Several cleavages show zero or very low intensities in the four regular clusters. 

These cleavage sites are Gly-Xxx and Pro-Xxx in both b and y ions. Cleavages at 

Ser-Xxx and Thr-Xxx are rather weak in both ion types from cluster i, iii, and iv, as well 

as b ions from cluster ii.  

Distance measurements between the cluster centers are performed to illustrate the 

similarity between the clusters (Table 5.1). A larger number in Table 5.1 means less 

similarity. The distance between the 4 regular cluster centers to the noise cluster center 

follows the order of: i > iii > iv > ii. 
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Table 5.1  Distance between different cluster centers. A smaller number indicates 
greater similarity. 

 

 i  

X-P 

ii 
I/L/V-X 

iii  

D/E-X 

iv  

b and y 

v  

noise 

i  X-P 0 25.7 22.0 37.4 102.1 

ii  I/V/L-X 25.7 0 26.1 34.3 66.5 

iii  D/E-X 22.0 26.1 0 34.0 85.0 

iv  b and y 37.4 34.3 34.0 0 59.9 

v  noise 102.1 66.5 85.0 59.9 0 

 

When λ is decreased to 75, using the K=5 and npass=3000, similar fragmentation 

patterns are obtained. The only difference is that cleavages C-terminal to aliphatic 

residues become weaker in cluster ii. The numbers of spectra in the 5 clusters become (in 

the same order of the fragmentation patterns described above): 7694, 7957, 5953, 4416, 

2310. The increase of the number of spectra in the noise cluster is expected when the 

threshold λ (radius of the cluster) is decreased. Distance measurements between the 

cluster centers are also performed. Cluster iv and cluster ii switch their positions in 

similarity to the noise cluster compared to the results using λ=100. 

When using K=6, the fragmentation patterns in ii are split into two clusters: One 

shows strong cleavage C-terminal to Ile, while the other one shows strong cleavage 
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C-terminal to Val and Leu. (It is interesting that Ile is separated from Val and Leu, 

instead of Leu be separated from Val and Ile, since both Val and Ile are gamma-branched 

and Leu is beta-branched. Similar separation of Ile from Val and Leu has been observed 

in the work by XXX [will add reference later] where peptides containing Val and Leu 

both show higher signal intensities in MALDI-TOF than those containing Ile.) When 

K=7, in addition to the pattern splitting in ii, splitting of the Xxx-Pro cleavage is 

observed. For K=8~10, cleavage patterns scatter among different clusters, and no clear 

and defined patterns are observed. 

 

5.3.3 Ten Sub-sample Clustering 

As mentioned previously, ten independent sub-sample cluster analyses randomly 

choosing 19,831 spectra (70% of the total 28,330 spectra) were performed using K=5, 

λ=75 and 100, and npass=1000. These sub-sampling tests are proved to be very useful in 

determining the right λ, and identifying those spectra that are unstable in the clustering 

results, i.e., spectra that are grouped to different clusters in different sub-samples using 

the same parameters.  

While results from all ten sub-samples using λ=100 give exactly the same patterns 

as that from using all 28,330 spectra, the results using λ=75 give different patterns in one 

of the ten sub-samples. The different sub-sample result shows the same patterns in i, iii, 
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but not the patterns in iv. Patterns in ii were split into two clusters similar to those 

observed using K=6.  

In order to test the consistency of our final clustering results on each individual 

spectrum, an analysis of the cluster IDs of each spectrum among different sub-sample 

cluster analyses (using 70% spectra, K=5, λ=100, and npass=1000), and the cluster ID 

from overall (using all spectra, K=5, λ=100, and npass=3000) was performed. We 

identify a spectrum as ambiguous if it is clustered to a different fragmentation pattern 

more than 30% of the time in the sub-sample results vs. the overall result. All ambiguous 

spectra are then removed before CART analysis is performed. The final number of 

spectra in each cluster that sent for CART analysis is: 7149 in i, 7364 in ii, 4964 in iii, 

and 3869 in iv. The concept of getting a tight cluster by selecting objects stably assigned 

to the same cluster among sub-sample clustering results is also seen in Tseng et al. 2005 

158.  

 

5.4 Chemistry behind the Five Fragmentation Behaviors 

After obtaining the 4 clusters of peptides that consistently show different 

fragmentation behaviors in sub-sample clustering, CART analysis, as well as other 

analyses on the sequence and the charge state of the corresponding peptides, are 

performed to elucidate the chemical factors behind the different fragmentation patterns. 



 

 

175

5.4.1 The Decision Tree 

The features included in our final CART analysis are listed in Table 5.2. The 

optimum decision tree (i.e., the tree that shows the best improvement of total 

mis-classification rate) is shown in Figure 5.6.  

 

Table 5.2 Features in the final CART 

Name Description 

M_Z Mass-to-charge ratio of the peptide precursor ion 

Z Charge state of the peptide 

X Number of occurrences of residue X in the peptide, where X 
equals to any of the 20 AA residues 

H+_Mob Z – (# of Arg) – 0.5 * ( # of Lys + # of His ) 

H+_Mob_Kapp 1: Z<Arg, 2: Z>Arg AND Z<(Arg+Lys+His), 3: 
Z>(Arg+Lys+His) 

Length Number of total residues in the peptide 

POS_X Relative position of residue X in the peptide, where X equals to 
any of the 20 AA residues 

DistN_X Average distance (defined by the # of residues) of residue X to 
the N-terminus of the peptide, where X equals to any of the 20 
AA residues 

DistC_X Average Distance of residue X to the C-terminus of the peptide, 
where X equals to any of the 20 AA residues 
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 Figure 5.6  The final decision tree from CART: (a) the main tree, (b) Part 1, (c) Part 2, 
(d) Part 3. 

  
 

  

 

 

 

 

 

    (a) 

 

 

 

 

 

 

 

 

 

 
 

          (b) 

• Yellow arrows (right side) follow 
“True” condition, while blue arrows 
(left side) follow “False” condition 

• T: Total improvement of the miss 
classification rate 

• Number in parenthesis in each node 
represents the # of spectra at that node 
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5.4.2 Three Most Significant Factors 

5.4.2.1 Proton Mobility 

Feature “H+_Mob”, which stands for “Proton Mobility” is selected by the CART as 

the feature at the root level in the optimal tree (Figure 5.6). This means Proton Mobility 

has the highest priority in defining peptide dissociation patterns. The cut-point criteria on 

the value of H+_Mob is chosen at whether or not H+_Mob > 0.25. The definition of 

Proton Mobility is: the number of added protons minus the number of Arg, minus half of 

the total number of Lys and His (See Table 5.5). This definition is based on our 

knowledge regarding the effectiveness of each basic residue to localize the added protons. 

Studies in Chapter 4 show that one side chain of Arg can completely localize one added 

proton, while one side chain of Lys can only partially localize one added proton. From 

the fragmentation map of […P...H...K]+ (Figure 4.3IIy) a factor of 0.5 is crudely 

estimated for the degree of proton localization by Lys side-chain (based on the roughly 

equal intensity of Asp-Xxx cleavage vs. the intensity of Xxx-Pro cleavage). The CER 

values at Asp-Xxx from Chapter 2 suggest that His side-chain is less effective in 

localizing the proton than the Lys side-chain (Table 2.2). However, when we tried using a 

factor of 0.25 for His, or eliminating His from the definition of H+_Mob, the results (as 

represented by the total improvement obtained by the best tree) are not as good as using 

0.5 as the factor for His. Figure 5.7 shows the distribution of the Proton Mobility among 

the four regular clusters, illustrating how Proton Mobility separates clusters i and ii from 
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iii and iv. While the peaks of Proton Mobility curves from i and ii maximize around 0.25, 

the peaks from iii and iv maximize around 1.  

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 5.7 Distribution of Proton Mobility among the 4 regular clusters. 

Analyses of the charge state distributions (Figure 5.8) and the basic residue content 

(Table 5.3) among different clusters further support the argument that peptides from 

clusters i and ii are from peptides that have a mobile proton(s), and peptides from clusters 

iii and iv are from peptides that have relative localized proton(s). While clusters i and ii 

are dominated by triply charged and doubly charged peptides, clusters iii and iv have 

mainly singly charged peptides. The majority of triply charged and doubly charged 

peptides are grouped to clusters i and ii, and the majority of singly charged peptides are 

grouped to clusters iii and iv. While peptides in cluster i may have slightly more charges 
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on them than cluster ii, they also have a slightly larger average number of basic residues. 

Table 5.3 shows that on average, peptides in cluster i have 0.6 R, 0.9 K, and 0.4 H per 

sequence, while peptides in cluster ii have 0.5 R, 0.8 K, and 0.3 H per sequence. (We do 

recognize the standard deviation of the number of residue per sequence is very high as 

shown in Table 5.3, which supports our argument in Section 5.1 regarding the highly 

variable residue content among different peptides. However, general trends observed are 

still expected to hold valid.) Therefore, the mobility of the proton(s) from clusters i and ii 

is expected to be similar, which corresponds to the result in Figure 5.7. Similar 

relationship was found for clusters iii and iv. Cluster iii has slightly more charges than 

cluster iv (Figure 5.8), however, it also has a highest basic residue content than other 

clusters, especially Arg. Peptides in cluster iii on average have 0.8 R, 0.8 K, and 0.4 H 

per sequence, while peptides in cluster iv have 0.5 R, 0.9 K, and 0.5 H per sequence.  

 

 

 

 
 
 
 
 

 

Figure 5.8 Charge state distributions among the 4 regular clusters and the noise cluster 

0%
5%

10%
15%
20%
25%
30%
35%
40%
45%
50%

i. X
-P

ii. 
I/L

/V
-X

iii.
 D

/E-X

iv.
 b 

an
d y

no
ise

P
op

ul
at

io
n

1+ 2+ 3+



 

 

181

Table 5.3 Average number of residues that have special chemical properties per sequence 

Proline Basic Residues Acidic Residues Branched Aliphatic Residues 

P R K H D E I L V 

i. X-P 1.4 + 1.1 0.6 + 0.6 0.9 + 0.8 0.4 + 0.7 1.4 + 1.2 1.3 + 1.2 1.1 + 1.1 1.9 + 1.6 1.6 + 1.3

ii. I/L/V-X 0.6 + 0.8 0.5 + 0.5 0.8 + 0.7 0.3 + 0.6 1.1 + 1.1 1.2 + 1.2 0.9 + 1.0 1.6 + 1.4 1.3 + 1.2

iii. D/E-X 0.8 + 1.0 0.8 + 0.7 0.8 + 0.8 0.4 + 0.6 1.2 + 1.1 1.3 + 1.2 0.9 + 1.0 1.5 + 1.4 1.4 + 1.3

iv. b and y 0.6 + 0.9 0.5 + 0.6 0.9 + 0.8 0.5 + 0.6 0.8 + 1.0 1.1 + 1.2 0.8 + 0.9 1.3 + 1.3 1.2 + 1.1

v. noise 0.3 + 0.6 0.4 + 0.6 0.8 + 0.6 0.2 + 0.5 0.4 + 0.6 0.6 + 0.8 0.5 + 0.7 0.8 + 0.9 0.8 + 0.9

 

 

 

 



 

 

182

 Another measurement on the number of added protons relative to the number of 

basic residues—“H+_Mob_Kapp” was also included in the final CART. This 

“H+_Mob_Kapp” is based on the “relative proton mobility scale” proposed by Kapp et 

al.,4 which is another definition of proton mobility (Table 5.2). The CART result shows 

that “H+_Mob_Kapp” is important but ranks second to “H+_Mob” in determining the 

fragmentation patterns (Figure 5.6).  

 

5.4.2.2 Position of Pro 

Following the yellow arrow from the root node in the decision tree (Figure 5.6), 

which stands for the “True” condition for H+_Mob > 0.25, we can see the relative 

position of Pro (Pos_P, see Table 5.2) becomes the next most prominent discriminator for 

clustering those peptides whose Proton Mobility is greater than or equal to 0.5. (Since 

H+_Mob increase in 0.5 intervals, H+_Mob > 0.25 is equivalent to Proton mobility greater 

than or equal to 0.5). The cut-point for Pos_P is selected at 0.2. The relative position of 

Pro is calculated as [(the residue position of Pro -1) / (length of the peptide -1)]. (The 

residue position of Pro is defined as the position of P in a peptide string starting from the 

N-terminus, e.g., the residue position of Pro in AVLPK is 4, and the relative position of 

Pro is 0.75. If multiple proline residues are present in the sequence, then an average 

residue position is taken, e.g., the residue position of Pro in PVLPK is 2.5, and the 
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relative position of Pro is 0.375.) With this definition, if Pro is at the N-terminus, Pos_P = 

0 (Note: If a peptide does not contain Pro, it will also have a Pos_P=0.); if Pro is at the 

C-terminus, Pos_P=1. A smaller Pos_P indicates that Pro is closer to the N-terminus. 

Figure 5.9, which plots the distributions of relative position of Pro among different 

clusters, shows that cluster i has significantly different distribution of Pos_P than those 

from other clusters. The majority of the proline residues in i are located towards the 

center of the peptides; the proline residues in cluster ii are located close to the termini, 

just the opposite behavior; the proline residues in clusters iii and iv are distributed more 

evenly. Our residue analysis also shows that cluster i is the most proline rich cluster 

(Table 5.3)—on average, cluster i contains 1.5 Pro per sequence, while that number for 

other clusters ranges from 0.6 to 0.8. 

 

 

 

 

 

 

 

 

Figure 5.9 Distribution of the relative position of Pro among the 4 regular clusters. 
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5.4.2.3 Position of Arg 

The blue arrow (left side) from the root node in the decision tree (Figure 5.6) stands 

for the “False” condition for H+_Mob > 0.25. Following this blue arrow, 

“H+_Mob_Kapp”, which is related to but different from H+_Mob, further sub-divides the 

spectra whose added proton(s) is relatively localized based on the relative number of 

added protons and basic residue content. Beyond H+_Mob_Kapp, two other 

discriminators appear: “DistC_R” (the average distance of Arg to the C-terminus of the 

peptide, see Table 5.2) and “Pos_R”. These two factors are related and both describe the 

position of Arg in a peptide sequence. This means the position of Arg is most influential 

on the fragmentation patterns for peptides whose added protons are relatively localized. 

Figure 5.10 shows the distribution of the relative position of Arg (or Pos_R) among 

different clusters. The curve of Pos_R in cluster iv is different from those in other clusters: 

A significantly larger percentage of the peptides in cluster iv have Arg either at the 

N-terminus, or present in the first half of the sequence (as indicated by Pos_R<0.5). 

Conversely, only 54% of the peptides in iv terminate in Arg, which is significantly lower 

than those numbers from other clusters. This means when Arg is close to the N-terminus 

of the peptide, fragmentation patterns change from showing only dominant y ions 

(clusters i, ii, iii) to showing both strong b and strong y ions (cluster iv).  
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Figure 5.10 Distribution of the relative position of Arg among the 4 regular clusters. An 

enlarged plot for Pos_R = 0−0.9 is shown in the middle. 
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longer than peptides in other clusters, and they have the lowest percentages of “extreme 

non-selective cleavage” and “short sequence” (Table 5.4). “Extreme non-selective 

cleavage” is defined as follows: Denote α, β, γ, δ, ε as the normalized intensities of the 

five most abundant b and y ions from a peptide, and α / β / γ / δ / ε. (According to our 

normalization scheme, α = 1.) This peptide is considered to display “extreme 

non-selective cleavage” if all of the followings conditions are met: β / 0.8 and γ / 0.7 and 

δ / 0.6 and ε / 0.5. The phrase “short sequence” refers to any peptide whose length is less 

than 7 AA residues. Peptides in i on average have much higher occurrence of Pro per 

sequence than other clusters (Table 5.3). These proline residues are distributed towards 

the middle of the sequence (Figure 5.9). The ionizing protons on these peptides are 

relatively mobile.  

The CART result (Figure 5.6) shows that fragmentation patterns in i mainly happen 

in the following 4 scenarios: (1) H+_Mob/1, 0.2≤Pos_P<0.84, length/14 and (2) 

H+_Mob/1, 0.2≤Pos_P<0.65, length≤13. These two categories correspond to the same 

structural motifs: […P…R/K]2+ and […H/K…P…R/K]3+ (the forward slash “/” means 

“either…or…”), and therefore are combined together. About 5000 peptides fall into this 

category. (3) H+_Mob=0.5, 0.2≤Pos_P<0.73, and DistC_R≤3. The main structural motifs 

that conform these requirements are: […P…K]+ , […H…P…R]2+ and […K…P…R]2+. 

About 2000 peptides fall into this category. (4) #R<Z, H+_Mob≤0, Pos_R/0.38, 
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Pos_P>0.23, DistN_P≤13. The corresponding structural motifs are: 

[…K/H…P…K/H…R]2+. About 400 peptides fall into this category.  
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Table 5.4 Sequence analysis of the peptides that show stable fragmentation patterns from different clusters 

Peptide Length Extreme Non-Selective* Short Sequences* 
 # of Stable 

Peptides 
Mean Std # of peptides % population # of peptides % population

i. X-P 7149 18.5 19.2 62 0.9% 55 0.8% 

ii. I/L/V-X 7364 15.0 15.9 1035 14.1% 230 3.1% 

iii. D/E-X 4964 15.5 16.5 168 3.4% 214 4.3% 

iv. b and y 3869 12.9 14 457 11.8% 463 12.0% 

v. noise 531 8.2 8.7 263 49.5% 209 39.4% 

* See text in 5.4.3.1 for definitions. 
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In summary, Xxx-Pro dominates mainly when proton is mobile, Pro is present and 

not close to either terminus. While the charge dependence of Xxx-Pro cleavage 

corroborates with the result in Chapter 4, the position dependence of Xxx-Pro cleavage 

supports our argument that Xxx-Pro is assisted by locally sterically-favored backbone 

and side chain conformations (See Chapter 4, Section 4.4). When Pro is too close to 

either terminus, similar conformations cannot be formed, and thus enhanced cleavage at 

Xxx-Pro cannot be observed as shown in cluster ii, which will be discussed in the 

following section. 

 

5.4.3.2 Cluster ii: Ile/Leu/Val-Xxx 

Cleavages C-terminal to branched aliphatic residues in y ions are the most abundant 

cleavages in cluster ii (Figure 5.5b). Such fragmentation patterns happen for 29.3% of the 

28,330 peptides in the PNNL dataset. “Extreme non-selective cleavage” is more 

prominent in this cluster than in any other regular clusters (Table 5.4). 1035 peptides in 

cluster ii display “extreme non-selective cleavage”, and constitute ~14% of the total 

population in ii. The protons on these peptides are mobile (Figure 5.7). Based on the 

residue content analysis shown in Table 5.3, peptides in this cluster do not have a higher 

content of Ile, Leu, Val than other clusters, but they do on average, have lower 

occurrence of Pro. When Pro is present in these peptides, it usually is located very close 

to the terminus (Figure 5.9). 

The CART result (Figure 5.6) shows that such fragmentation patterns happen in the 

following 4 scenarios: (1) H+_Mob/1, Pos_P/0.65, length≤13 and (2) H+_Mob/1, 



 

 

190

Pos_P/0.84, length/14. These two categories correspond to the same structural motifs: 

[……P(X)0-3]+ (X represent any AA residue; the underscored number represents the 

possible number of residues; the parenthesis means the residue inside can either be 

present or not present), [……P(X)0-3(R/K)]2+, or […(H/K/R)…P(X)0-3(R/K)]3+. About 

600 peptides fall into this category. (3) H+_Mob/0.5, Pos_P<0.2, Z=2, and DistC_R≤4. 

The structural motifs that conform to these criteria are: [(X)0-2(P)…(K/H)…R(X)0-4]2+, 

[(X)0-2(P)…R(X)0-2K]2+. About 6000 peptides fall into this category. (4) H+_Mob/0.5, 

Pos_P<0.2, Z=1, and DistN_T/1.75. The corresponding structural motifs are: [(X) 

0-2(P)…T…(K)]+. About 400 peptides fall into this category.  

In summary, cleavage C-terminal to aliphatic residues dominates mainly when 

proton is mobile and Pro is either not present in the sequence or close to either terminus.   

The order of cleavage intensity C-terminal to aliphatic residues in cluster ii (I ≈ V > 

L > A, Figure 5.5b) correlates well with the order of steric hindrance at the peptide bond 

imposed by residue side chains: Val and Ile have β-branched side chains, Leu has a γ 

branched side chain, and Ala only has a methyl group as its side chain. This evidence, 

together with the observation of zero or very low cleavage intensities at Gly-Xxx and 

Pro-Xxx among all clusters further support the argument in Chapter 4, Section 4.4 that 

conformational restrictions imposed by the side chain can assist peptide fragmentation by 

favoring a particular intramolecular nucleophilic attack and/or a particular charge 

solvation structure. 
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5.4.3.3 Cluster iii: Asp/Glu-Xxx 

Cleavages C-terminal to acidic residues in y ions dominates the fragmentation 

patterns in iii (Figure 5.5b), which happen in 22.4% of the 28,330 peptides in the PNNL 

dataset. The CART result (Figure 5.6) shows that such fragmentation patterns happen in 

the following five scenarios, four of which have a number of Arg that exceeds the 

number of charges: (1) #R/Z, DistC_R=0, DistC_D/2. The corresponding structural 

motifs are: [……D(X)>1R]+ and […R…D(X)>1R]2+. About 1000 peptides fall into this 

category. (2) #R/Z, DistC_R=0, DistC_D≤1, and DistC_E/4. The corresponding 

structural motifs are: [……E(X)>3(D)R]+ and […R…E(X)>3(D)R]2+. About 400 peptides 

fall into this category. The corresponding structural motifs for (3) #R/Z, DistC_R/1, 

DistN_R/12 and (4) #R/Z, DistC_R/1, DistN_R≤11, length/14 can be combined as: 

[(X)mR(X)n]+, [(X)mR(X)nR]+ and [(X)mR(X)nR]2+, where either m/12 AND 3/n/1, or 

m+n/13. About 800 peptides fall into this category. (5) H+_Mob/0.5, Pos_P<0.2, Z=1, 

and DistC_D/4. The structural motifs corresponding to these criteria are: 

[(X)0-2(P)…D(X)0-3K]+. About 700 peptides fall into this category. 

In summary, in order for cleavage C-terminal to acidic residues to dominate the 

fragmentation patterns, the ionizing proton need to be completely localized, particularly 

by having an equal or greater number of arginine residues in the sequence than the 

number of ionizing proton. Peptides in iii have on average the highest number of Arg per 

sequence than any other clusters (Table 5.3). Additionally, Asp or Glu need to be present 

in the sequence AND, Asp needs to be at least one residue away from the C-terminal Arg 

OR Glu needs to be at least three residues away from the C-terminal Arg. The position 
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requirement of Asp and Glu with regards to Arg suggests possible interaction between 

the side chain of the acidic residue and the side chain of Arg. Such interaction has been 

proposed to shut down selective cleavage at Asp-Xxx and Glu-Xxx.(reference) The fact 

that Glu has a longer side chain than Asp, and Glu needs to be further away from Arg 

than Asp as shown by CART also supports such interaction. When the ionizing proton is 

partially mobile, i.e., among singly charged Lys-ending peptides, cleavage at the acidic 

residues also dominates if Pro is either not present or close to the N-terminus. This 

correlates well with the result in Chapter 4, Section 4.3.5.1.    

 

5.4.3.4 Cluster iv: Strong b and y Ion Cleavages 

Cluster iv is the only cluster that shows abundant cleavages in both b and y ions, 

which may help explain why cluster iv has the shortest distance of all clusters to the noise 

cluster whose fragmentation patterns also show intense b and y ions. Such fragmentation 

patterns are found in 17.0% of the 28,330 peptides in the PNNL dataset. The other 

contributing factor to the similarity of cluster iv with the noise cluster is the relatively 

high population of “extreme non-selective cleavage” in cluster iv (Table 5.4). 11.8% of 

the peptides in iv show “extreme non-selective cleavage”. Additionally, peptides in iv on 

average are shorter than peptides in other regular clusters (Table 5.4). The population of 

“short sequence” is also the highest among the regular clusters. 12% of the peptides in iv 

are less than 7 AA residues. 

The CART results show that such cleavages happen in the following five scenarios: 

(1) H+_Mob/0.5, Pos_P<0.2, Z=2, DistC_R/5. The corresponding structural motifs are: 
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[(X)0-2(P)…R(X)>5(K)]2+. About 200 peptides fall into this category. (2) H+_Mob/0.5, 

Pos_P<0.2, Z=1, DistN_T≤1, DistC_D≤3. The corresponding structural motifs are: 

[(X)(T)(X)(P)…D(X)0-3(K)]+. About 700 peptides fall into this category. 3) #R<Z, 

H+_Mob≤0, Pos_R<0.38. The corresponding structural motifs are: […H/K…K]+ and 

[…R..H/K…K]2+. About 1500 peptides fall into this category. 4) #R/Z, DistC_R=0, 

DistC_D≤1, DistC_E≤3. The corresponding structural motifs are: […(R)…E(X)DR]+ and 

[…R…E(X)DR]2+. About 500 peptides fall into this category. 5) #R/Z, DistC_R/1, 

DistN_R≤11, length≤13. The corresponding structural motifs are: [(X)mR(X)n]+ and 

[(X)mR(X)nR]2+, where m+n≤12 AND m≤11. About 300 peptides fall into this category. 

In summary, in order to show patterns in iv, at least one Arg is usually required to be 

away from the C-terminus and not too far away from the N-terminus. When Pro and the 

acidic residues are close to either terminus, and Arg is away from the C-terminus, intense 

b ions can often be observed, even under conditions where the proton is mobile or 

partially mobile.  

In addition to the relative position of Arg, the residue content analysis (Table 5.3) 

shows that cluster iv has higher His content than other clusters. An analysis on the 

relative position of His among different clusters show that the position of His may also 

contribute to the intense b ion patterns, which correlates with previous study143 on model 

peptides. Figure 5.11 shows that His usually occurs close to the N-terminus among 

peptides in cluster iv, while such preference is not found in other clusters. Peptides in 

cluster ii have the opposite preference regarding the position of His compared with those 
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in iv. Similar contrast between ii and iv was also found in the relative position of Arg 

among the two clusters (Figure 5.10).  

 

 

 
 
 
 
 
 
 
 

 

 

 

 

 

Figure 5.11 Distribution of the relative position of His among the 4 regular clusters 

 

5.4.3.5 Cluster v: “noise” 

The “noise” cluster consists of those peptide spectra that cannot be clustered into 

any of the four regular clusters. Random cleavages of various intensities are found in the 

fragmentation patterns from the “noise” cluster (Figure 5.5e). Such patterns correlate well 

with the selection criteria specified in the cluster analysis. Our analyses reveal the reason 

why these peptides are classified as noise: Half of the peptides display “extreme 

non-selective cleavage”; ~40% of the peptides in v have fewer than 7 AA residues, 
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producing limited fragmentation information for the algorithm to work with; 75% of the 

peptides in the noise cluster are singly charged, which have the lowest percentage of 

identifiable intensity and is more likely to display non-backbone cleavages than peptides 

of other charge states (See Chapter 3, Section 3.2.2).  

 

5.5 Conclusions 

This study reports the overall peptide dissociation behavior among a large set of 

spectra acquired by practical proteomics studies. The systematic data mining scheme 

brings the peptide fragmentation study to a new level. With no pre-filtering of the spectra 

and no chemical assumption made prior to the cluster analysis, the penalized K-means 

algorithm is able to partition the behaviors of 28,330 spectra of unique sequence and 

charge state into 4 distinct categories that are chemically significant. CART analysis goes 

through the list of potential chemical factors behind the clusters and identifies the most 

influential ones that determine the fragmentation process. These factors are: the mobility 

of the protons, the presence and location of Pro, and the presence and location of Arg. 

The interplay of these factors is briefly summarized in Figure 5.12. Determination of the 

structural motifs responsible for the fragmentation patterns are accomplished based on 

the result of CART and additional analyses of the sequences and charge states of the 

peptides among different clusters. The chemical knowledge derived from this study 

greatly expands our knowledge of peptide dissociation. The different intensity profiles 

from different clusters of peptides with the corresponding decision tree create a solid 



 

 

196

foundation for new sequencing algorithms to utilize the intensity information from a 

MS/MS spectrum. 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 
Figure 5.12 How the three most important chemical factors determine peptide 

fragmentation patterns. 
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CHAPTER 6 

FUTURE DIRECTIONS 

 

6.1 Impact of This Research 

In the past few years, MS-based proteomics has enjoyed tremendous success. More 

and more genome databases have been verified based on the proteomics data, and a 

multi-dimensional understanding of biological systems is quickly being assembled. 

However, in their review on MS-based proteomics, Aebersold and Mann pointed out that 

“proteomics still faces significant technical challenges. Each breakthrough that either 

allows a new type of measurement or improves the quality of data made by traditional 

types of measurements expands the range of potential applications of MS to molecular 

and cellular biology”.15 Indeed, apart from pushing the ever lower detection limit and 

separating samples of ever higher complexity, one of the main challenges faced by 

MS-based proteomics lies in how to perform faster and more accurate automated data 

analysis. This includes, but is not limited to, eliminating the requirement of an existing 

sequence database, improving the selectivity, the sensitivity, and the speed of protein 

identification algorithms, as well as more effectively identifying post-translational 

modifications. 

The work presented in this dissertation addresses the challenges in MS-based 

proteomics data analysis by obtaining an overview of dissociation behavior of protonated 

peptides in the gas phase and improving the understanding of the intensity patterns that 
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exist in peptide MS/MS spectra acquired from proteomics experiments. The correlation 

of fragmentation patterns with peptide structural features presented in this dissertation 

creates an improved fragmentation model based upon which sequencing algorithms can 

utilize the intensity information in a spectrum to better derive the correct sequence. This 

improved fragmentation model can enhance the abilities of database searching algorithms 

to construct more “real-world” virtual spectra with different intensities predicted for 

different peptide bonds based on the candidate sequences and the structural motifs they 

contain, thus the selectivity and sensitivity of the identification can be improved. 

Examples of such improvements on spectrum prediction are found in the study presented 

in Chapter 2, Section 2.6, as well as by the work from Z. Zhang94. Further elaboration on 

how the improved fragmentation model can benefit database searching algorithms will be 

described in Section 6.3. An improved fragmentation model will allow the de novo 

sequencing algorithms to infer the presence of certain residues (or residue combinations) 

based on the intensity and the presence/absence of different peaks in the spectrum (e.g.,  

look for peaks matching the mass of two residues following Pro because Pro-Xxx 

cleavage is usually not expected in a spectrum). The improved fragmentation model can 

also serve as verification of the answer derived from such de novo analysis (e.g., a 

sequence derived from de novo sequencing is less likely to be correct if an intense peak is 

attributed to cleavage between Glu-Xxx; a more sophisticated example would be if the 

number of Arg in the sequence exceeds the number of protons and an Asp exists in the 

middle of the sequence, but no enhanced cleavage can be found at Asp-Xxx, then this 

sequence assignment is probably incorrect.) 
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During the time period of this dissertation research, several studies from other 

research groups have already taken advantage of the earlier published results from this 

body of work. The investigation of the influence of basic residues on cleavages 

C-terminal to acidic residues shown in Chapter 2 was expanded to 3355 spectra of 

different charge states and different number of basic residues by Kapp et al.4 Through a 

collaboration with the dissertation author, Tabb et al.3 examined how the position of 

internal basic residues influences the overall peak intensities of b and y ions. The ability 

to predict enhanced cleavage at Asp-Xxx and Glu-Xxx was also incorporated into the 

spectra prediction model by Z. Zhang.94 At the time of writing this dissertation, 

manuscripts presenting the more recent results described in Chapter 3-5 either have been 

submitted for publication159, or are very close to submission160. We can expect that these 

more elaborate descriptions of how fragmentation intensity patterns vary with peptides 

structures motifs, once published, will also have immediate impacts on proteomics data 

analysis, and encourage new or adapted sequencing algorithms to make use of the 

intensity information in the MS/MS spectra.  

From a theoretical and reaction mechanistic perspective, the chemistry knowledge 

regarding the dissociation behavior of protonated peptides in the gas phase obtained from 

this dissertation research greatly enhances our understanding of molecular structure and 

intramolecular proton transfer dynamics in the absence of solvent. The gas-phase 

basicities of different basic residues are compared and confirmed through investigation of 

their ability to localize the ionizing proton(s). The different peptide fragmentation 

behaviors that result from the different degrees of proton localization reveal the different 
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energy pathways accessed during the kinetically controlled, charged-directed 

fragmentation process. The abilities of the side chains to act as proton acceptors/donors 

are also compared from such studies. A fundamental dependence of gas phase peptide 

fragmentation on conformational constraints was found based on the dissociation patterns 

of protonated peptides. The correlation between those residues that contribute to 

enhanced (e.g., Xxx-Pro) /suppressed cleavage (e.g., Gly-Xxx, Pro-Xxx) in gas-phase 

peptides and those residues that occupy enhanced (Gly) or limited (Pro, pre-Pro) ψ, 

φ space in protein structures suggests that the factors that control protein backbone 

conformation, side chain rotamers, and distortions of Cα-Cβ also contribute to 

dissociating conformations in gas phase ions. Evidence of local sterically-favored 

backbone and side-chain conformations (See Schemes 4.1 and 4.2) that favor a particular 

intramolecular nucleophilic attack and/or a particular charge solvation structure are found 

from the fragmentation statistics obtained from this study. Fragmentation mechanisms 

proposed from different model peptide studies (e.g., whether the interaction between the 

side-chain of Arg and Asp can shut down selective cleavage at Asp-Xxx, as discussed in 

Chapter 5, Section 5.4.3.3) were examined in the large datasets. Observations of 

fragmentation patterns suggesting novel interactions of the side chains are also found 

(e.g., fragmentation patterns for […K…P...H…D/E…K]2+ resemble more closely those 

from peptides that contain a mobile proton, suggesting an interaction between the internal 

Lys and Asp that allows the second proton to act like a mobile proton while the first 

proton is localized at the C-terminus Lys side chain, as described in Chapter 4, Section 

4.3.2.5). Such knowledge of peptide dissociation will guide the design of specific 
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chemical mechanism studies using model systems, as well as high order computational 

molecular modeling of chemical interactions to study residue combinations involved in 

promoting specific cleavage pathways. Thus, a longer term impact of this dissertation 

research can be expected in the fundamental aspects of reaction mechanism studies of gas 

phase unimolecular dissociation. 

 

6.2 Limitations and Future Directions 

This body of research lays the foundation of data mining studies using large number 

of peptide MS/MS spectra. A summary of the limitations in this research is discussed 

here and suggestions are provided for future work that continues such studies. 

The residue content in peptides varies greatly. Different residues may have very 

different frequencies in peptides. As shown by the fragmentation maps (Figures 4.3-4.7, 

4.8, 5.5), even with 28,330 spectra, the occurrences of a few residue combinations are 

still low. Particularly, cleavage information at Cys and Trp is often missing because these 

two residues are depleted in the PNNL dataset (Cys residues were not reduced and 

alkylated, while Trp residues are prone to oxidation). Therefore, increasing the number of 

unique spectra in the analysis will allow the fragmentation pattern analysis to be more 

complete. 

All datasets used in this dissertation have been pre-screened by SEQUEST. Any 

peptide spectra that have a SEQUEST cross correlation (XCorr) score less than 1.5 are 

not included in our analyses. Although the normalization scheme used by SEQUEST on 

experimentally acquired spectra reduces the intensity difference in the spectra and 



 

 

202

alleviates the problem caused by using a uniform fragmentation model (See Chapter 1, 

Section 1.3.3.2.1), it still may exclude spectra that display truly unusual fragmentation 

behaviors. The most ideal dataset for future studies will be a large set of spectra with 

known sequence that have not been pre-filtered by any sequencing algorithms, e.g., 

spectra from peptides obtained from combinatorial synthesis, or LC-MS/MS runs of 

single protein digests with the masses of the precursor ions accurately measured.   

Additionally, the spectra used in this dissertation research are acquired on ion trap 

mass spectrometers. The drawbacks of ion trap spectra—low mass resolution, low and 

high mass cut-offs (See Chapter 1, Section 1.3.1.2) make similar analyses desirable using 

spectra from other instruments with larger mass range, better mass resolution and 

accuracy. Data that have complete mass ranges and large improvements on mass 

resolution and accuracy (e.g., data from linear ion trap-FTICR) should greatly decrease 

the possibilities of ambiguous peak assignments and allow more accurate assessment of 

intensity patterns. Such data should also have the highest potential for sequencing 

algorithms because it contains the richest fragmentation information. It will also be 

desirable to see how fragmentation patterns vary with the instrument configurations, 

because different instruments can deposit different energy distribution and have different 

observation time windows (See Chapter 1, Section 1.3.2.1), which may lead to different 

fragmentation patterns. 

The fragmentation intensity profiles presented in this dissertation work are mainly 

for singly charged b and y ions. While the overall intensities of other ion types typically 

observed in ion trap spectra are reported in Chapter 3, detailed investigations on pair-wise 
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intensity profiles for these ion types have not been performed mainly due to the limitation 

of the available data (e.g., doubly charged b and y ions are most abundant in spectra from 

triply charged peptides, but the numbers of spectra from triply charged peptides are very 

limited in our datasets as shown by Figure 1.12). However, such studies are desirable 

because the knowledge of the fragmentation intensity patterns for these ion types will 

provide a more complete description of the peptide dissociation process and further the 

corresponding mechanism studies. 

None of the peptides studied in this dissertation contain modifications to the residues. 

Because of the use of enzymatic digestion, proteins can be identified even if some 

peptides are modified and ignored. However, proteins from biological samples are often 

modified in a variety of ways, and these modifications contain important biological 

information. In order to identify the types and the sites of the modifications, an inspection 

on mass shifts of the precursor ions as well as the fragment ions is usually 

performed161-163. While current algorithms are performing relatively well in mapping the 

mass shifts, studies on how different modifications of the residues affect the 

fragmentation patterns of the peptides will be still desirable. 

Fortunately, the data mining methods proposed in this dissertation are not limited to 

any instrument configurations, ion types, or residue modifications, but generally 

applicable as long as the number of spectra is large enough to give statistically valid 

results. A relational database has been implemented to allow easy interrogation and 

manipulation of the spectra. Built for the purpose of statistically analyzing general trends 

of fragmentation as well as deriving preferential cleavage patterns, the intensity and mass 
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information of the peaks from each MS/MS spectrum are transformed into individual 

instance of dissociation of peptides. The position of the cleavage, the number of ionizing 

protons, the amino acid composition and the amino acid position of the fragmenting 

peptide are calculated and stored. Spectra from different instrument configuration and 

conditions can be easily inserted and interrogated into various categories based on 

structural features to elucidate how these peptide structural features lead to specific 

fragmentation behaviors. 

In order to take full advantage of different data, some changes of the parameters in 

the current programs may be required. For example, the mass window used in peak 

assignments should be altered according to the mass resolution of the instrument. But the 

general design of how to acquire intensity profiles from a given set of spectra is universal. 

The limitation of current research does not come from the limitation of applicable 

methods, but rather the availability of large sets of high quality data. Once other datasets 

become available, we expect the statistical tools and methods developed in this 

dissertation research to be applied and expanded with the new datasets. 

A direct implementation of the fragmentation statistics obtained from this 

dissertation research is to build a protein sequencing algorithm that can use the intensity 

information presented in the MS/MS spectra. Such research efforts have taken place by 

the birth of SQID. 
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6.3 SQID: an Intensity-based Statistical Peptide Sequencing Algorithm  

Following the availability of the 28,330 spectra from PNNL in 2003 and 2004, 

collaboration was formed between the Wysocki Laboratory and Science Application 

International Corporation (SAIC) to build a novel intensity-based database searching 

protein identification algorithm. Together with Dr. Joseph M. Triscari from SAIC, we 

built a frame work for SQID, which stands for SeQuence IDentification.164 SQID uses the 

same approach to gather a list of sequence candidates as those used by other database 

searching algorithms (Chapter 1, Section 1.3.3.2). The uniqueness of SQID lies in its 

ability to use intensity information in an MS/MS spectrum to score the candidate 

sequences. A conceptual diagram for SQID is shown in Figure 6.1. Several truth sets of 

peptide spectra, distinguished by key structural features of the corresponding sequences, 

provide histograms of cleavage probability for pair-wise Xxx-Zzz cleavages between 

adjacent amino acids residues. The appropriate truth set of histograms, chosen to match a 

dominant structural motif of the candidate sequence, is then used to calculate the 

probability of each sequence candidate matching the unknown spectrum based on the 

intensities of the peaks that can be assigned according to the candidate sequence. The 

algorithm will assign the sequence candidate that has the highest probability to the 

unknown spectrum. 
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Figure 6.1  Conceptual diagram of SQID (SeQuence IDentification), an 

intensity-based statistical peptide sequencing algorithm. 
 

6.3.1 The Algorithm 

The Bayesian decision making method165 is used as the algorithmic approach in 

SQID. Specifically, given a mass spectrum, mr , and a set of N sequence candidates, 

σ1,σ 2 ,…,σ N , our overall goal would be to compute the probability of each candidate, 

pr(σ i| m
r ), and find the peptide sequence with the highest probability. Using Bayes’s 

theorem we find: 

m/z

Sequence
Database

Peptide
Mass

VRGDAPCIYK

YAVDVGIPLK

IPADHARLGR

VRGDAPCIYK

AFDASVGGFL

Highest 
Scoring 
Peptide

Experimental 
MS/MS Spectra

Score 1

Score 2

Score 3

Score 4
Candidate 
Sequences



 

 

207

∑
=

== N

k
kk

iiii
i

prmpr

prmpr
mpr

prmpr
mpr

1
)()|(

)()|(
)(

)()|(
)|(

σσ

σσσσ
σ

r

r

r

r
r

. 

This reduces the problem of computing pr(σ i| m
r ) to the problem of computing 

pr( mr | σ i ).
166 The quantities pr( σ i ) are prior probabilities on the various sequence 

candidates. Absent any additional information, we generally conclude pr(σ i) are all equal 

to N-1. The point of Bayes’s theorem is that we can compute something we want 

pr(σ i| m
r ) from something that is easier to compute, pr( mr |σ i). 

Our work is centered around computing a more sophisticated model of pr( mr |σ i) by 

investigating the chemistry associated with gas-phase peptide dissociations. By making 

the computation of pr( mr |σ i) more accurate, algorithms may be written that better 

identify peptides from MS/MS spectra.  

How the model of pr( mr |σ i), i.e., the probability of seeing spectrum mr  from 

sequence σ i, should be built is the most challenging task in this overall approach. In the 

beginning stage of SQID, 16,738 spectra (peptide length 5-38 AA, median and average 

both at 16 AA) from the Shewanella oneidensis organism in the PNNL dataset (Chapter 1, 

Section 1.5.3) were randomly partitioned. 15,937 of them (95%) were used for training, 

i.e., extracting fragmentation histograms by the lists of peak heights collected on b ions 

and y ions for each Xxx-Zzz residue combination. A cumulative probability was used, i.e., 

the probability that a peak with N-terminal amino acid, Xxx, and C-terminal amino acid, 

Zzz, has a normalized peak less than the measured value, A. We denote this probability 

as  pr(A;X·Z). Given this probability, we can estimate the probability that a given 
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spectrum,   
r 
m , was generated by a hypothesized amino acid candidate sequence, σ i , as 

pr(  
r 
m |σ i). 

Let Aj be the normalized abundance associated to the jth y ion, then we estimate 

pry( mr | σ i )—the probability of seeing spectrum mr  from sequence σ i  using y ion 

information only by using the formula: 
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A similar estimation is done for b ions and the two results are combined by a square 

root of the product to estimate pr( mr |σ i). 

 

6.3.2 Preliminary Testing Results 

Using this approach, a test was performed on the remaining 801 (5%) testing 

spectra. On an average, 185 sequence candidates selected by the algorithm from the 

Shewanella protein database are tested for each spectrum with a minimum of 128 

candidates. The results show that 641 of the 801 (80%) spectra had the true sequence 

ranked as number 1; 719 (92%) out of the 801 had the true sequence in the top 3 list of 

best scores; and 760 (95%) spectra had the true sequence listed in the top 10. The total 

run time for all 801 spectra was 470 seconds (7.83 minutes) on a Linux/Intel box running 

at a 450 MHz clock speed. The software was unoptimized engineering code written in 

PERL (version 5.6.3, http://www.perl.com).  

The 16,738 spectra in the above analysis are from peptides of different charge states, 

and there is no restriction on the basic residue content. When more defined datasets (i.e., 

http://www.perl.com/
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2H+ tryptic peptides with zero missed cleavages) were tested, slight improvements of the 

algorithm performance were observed (Table 6.1). This means dividing the spectra into 

chemically meaningful categories based on their structure motifs leads to more uniform 

dissociation behavior among each sub-dataset, which then allows SQID to perform better. 

Using slightly different weighting factors for b and y ions also improve the result. 

Because the majority of the peptides among the 16,738 spectra have Arg or Lys at the 

C-terminus, y ions are generally observed with a higher abundance than b ions (Figure 

3.1). By incorporating a weighting factor of 1.0 for y ions, and 0.9725 for b ions, a 3% 

increase of the success rate was observed (Table 6.1). Additional testing was also 

performed using the histograms generated from 2H+ tryptic peptides with zero missed 

cleavages from Shewanella and testing on 689 spectra from peptides of similar structural 

features but randomly selected from the spectral set from Deinococcus radiodurans (See 

Chapter 1, Section 1.5.3). The result is in close approximation to the testing result using 

2H+ tryptic peptides with no missed-cleavages from Shewanella only (Table 6.1). This 

means that even when peptides are from different proteomes, if they share the same 

structural motifs, similar peptide fragmentation statistics can be expected. 
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 # of total 
Spectra 

Rank  
# 1 

Rank  
2 & 3 

Rank 
4-10 

Rank  
> 10 

All 16,738 80% 10% 5% 5% 
2H+ 9,309 84% 9% 3% 4% 

2H+, tryptic 5,657 85% 11% 3% 1% Shewanella 
Diff. Weights 

for b and y 16,738 83% 8% 4% 5% 

Deinococcusa 2H+, tryptic 689a 84% 11% 3% 2% 
 
Table 6.1  SQID performance on different sub-datasets from the PNNL data. In all 

tests, 95% of the total spectra are randomly chosen for training, and the 
remaining 5% are used for testing, unless otherwise noted. The testing 
results are based on the ranking of the correct sequence.  
a — For this dataset, the training is performed using 2H+ tryptic peptides 
with zero missed cleavages from Shewanella oneidensis and testing is 
performed on 689 spectra from peptides of similar structural features but 
randomly selected from Deinococcus radiodurans. 

 

6.3.3 Problems and Challenges 

While the seemingly promising performance of SQID in the preliminary testing 

proves our concept of SQID is feasible, several elements in its model remain questionable. 

The first and the most influential one is how the probability of an observed Xxx-Zzz 

cleavage at a given intensity should be determined given the corresponding density 

function of the cleavage intensity obtained from the training data. The basis for using a 

continuous probability comes from signal processing: a signal (or match) is less likely to 

be a noise (or random event) if its intensity is high. Therefore, a more intense peak that 

matches a certain Xxx-Zzz cleavage always scores higher (by assigning a higher 

probability) than a less intense peak that matches such cleavage. However, such a 

continuous probability model ignores the fact that there are certain residue combinations 

that by nature produce very little cleavage (e.g., Pro-Xxx or Gly-Xxx cleavage). Not only 
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does the continuous probability model not take advantage of such chemical knowledge, it 

will yield erroneous answers. For example, if an intense peak is attributed to a Pro-Xxx 

or Gly-Xxx cleavage, rather than penalizing the sequence candidate (which is what a 

chemically meaningful fragmentation model should do), the continuous probability 

model will give a bonus to this incorrect candidate.  

Subsequent development work on SQID by graduate student Li Ji and Dr. Triscari 

found that using a discrete probability (i.e., dividing the normalized intensity histogram 

for a Xxx-Zzz residue combination into n bins, so the probability of an observed Xxx-Zzz 

cleavage at a given intensity is the probability of the corresponding bin to which the 

measured intensity belongs) leads to a much lower success rate. The problem of the 

discrete probability model lies in the fact that a significant portion of the 400 Xxx-Zzz 

residue combinations have density functions that show high probability in the low 

intensity region. Therefore, when using such a probability model, the probability of a 

given sequence to match a null spectrum can often be higher than the probability to 

match real spectra. In other words, using the simple discrete probability model leads to a 

very high false positive rate. 

Additional testing on the probability model was performed using “flat histograms” 

for all Xxx-Zzz pairs combined with the continuous probability model. In such 

experiments, the same density function, which approximately is a diagonal straight line, 

is used for all residue combinations. The SQID performance using such “flat histograms” 

was better than that using the density function obtained from the training data. This result 
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exemplifies the flaw with the continuous probability model, which prevents SQID from 

taking advantage of the fragmentation statistics obtained from the training data.  

One thing that has been repeatedly pointed out in this dissertation is the selection of 

the dataset. As described before, all spectra used in the above studies have a minimum 

SEQUEST cross-correlation score of 1.5. Therefore, it would not be a fair performance 

comparison if SQID is compared against SEQUEST using such datasets, at a later stage 

of the development of SQID when such performance comparisons become necessary.  

Since running SQID on other datasets is needed to obtain a more realistic 

assessment of its performance, testing was performed167 using continuous probability 

obtained from the training data, on ion trap peptide spectra from human plasma: 512 

spectra acquired from the University of Colorado at Boulder (UC dataset)35, and 310 

spectra acquired from the Institute of System Biology (ISB dataset)38. Both datasets have 

been manually verified. Because the numbers of spectra among these datasets are small 

and not sufficient to create the training histograms for 400 residue combinations, the 

PNNL dataset (all 28,330 spectra) was used for training. By doing so, the success rates of 

SQID on the UC dataset and the ISB dataset are 51% and 57%, respectively. While many 

factors may contribute to the decrease in the success rate, e.g., different experimental 

conditions used in different institutions and the fact that human database is much larger 

than any bacteria database, the change in fragmentation statistics along with the change in 

the residue content also affect the success rate. The residue content in ISB dataset is more 

similar to PNNL dataset than the UC dataset. This corresponds to a higher success rate of 

SQID, which is trained using the PNNL dataset, for the ISB dataset. In addition, success 
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rates of SQID on doubly charged peptides from the UC dataset and the ISB dataset are 

higher than the general cases. 

 

6.3.4 Conclusions and Future Development 

Based on the above results, SQID does have the potential to become a very 

successful algorithm to use intensities present in a MS/MS spectrum if the following 

issues can be adequately addressed.   

A more sophisticated probability model is needed for SQID. Some pre-processing 

may be desirable, e.g., use statistical methods to model a normal distribution of the 

cleavage probability, and compare that with each individual density function for a 

particular Xxx-Zzz pair obtained from the training data to determine a weighting factor. 

(Cleavage pairs that have significantly different intensity patterns than others, e.g., 

Xxx-Pro, Pro-Xxx, and Glu-Xxx, will have a larger weighting factor.) This weighting 

factor can then be combined with the score that reflects the likelihood of a measured 

Xxx-Zzz cleavage at a given intensity (which still remains an unanswered question, and 

an excellent one for statisticians) to determine the final contribution of this cleavage to 

the overall score for the sequence. In addition, it would be desirable to determine the 

significance of the match by a sequence candidate in comparison with other candidates. 

This is probably similar to the assessment of peak matching in MASCOT83, but with an 

additional dimension of information—the intensity information. 

Additionally, it was stated in the overall scheme for SQID that different intensity 

profiles should be referred to according to the structural motifs in each candidate 
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sequence when computing the likelihood that a given sequence matches the observed 

spectrum. The results of current efforts in using the corresponding sets of histograms for 

different candidate structural motifs have not yet shown dramatically improvements of 

the success rates. This presumably is because of the improper continuous probability 

model and the inability of SQID to compare the significance of a match (of a candidate 

sequence to the observed spectrum) with other matches (made with different models). 

However, such an approach (i.e., using the corresponding sets of histograms for different 

candidate structural motifs) should still have high potential because such a fragmentation 

model is more chemically meaningful. The four clusters of fragmentation patterns and the 

corresponding decision tree described in Chapter 5 should be a direct fit for such purpose. 

The decision tree (Figure 5.5) can be used to identify the corresponding fragmentation 

profile for any given sequence, and then, SQID can compute the probability of such 

sequence matching the observed spectrum based on that intensity profile. This process is 

also illustrated by Figure 6.1. Preliminary application of SQID to these clusters and their 

sub-clusters show that the different clusters have different success ratios, indicating that 

specific chemistry models can have significant influence on the algorithm’s performance. 

Once the peptides are identified, grouping the peptides to the corresponding proteins 

would be the next step. There exist quite a few algorithms61, 83, 84, 168, 169 that can 

successfully perform this task. Often, protein level matches exceed peptide matches.37 

Therefore, we can expect once the identification at the peptide level can be improved, a 

better identification at the protein level can be achieved. 
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