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ABSTRACT 
 

Development of database search algorithms for protein identifications and how to 

improve the performance of the algorithms are important research areas in the mass 

spectrometry-based proteomics.  

In this thesis, two widely used database search algorithms, SEQUEST and 

X!Tandem, were studied in detail. The strengths and weaknesses of SEQUEST and 

X!Tandem were studied, and peptides identified and missed by these two algorithms 

were characterized and compared in terms of the charges the peptides, the amino acid 

compositions of the peptides and the lengths of the peptides, etc.  Research results show 

that SEQUEST is relatively prone to identify single charged peptides, while X!Tandem is 

prone to identify highly charged (triply charged, for example) peptides. Both SEQUEST 

and X!Tandem identify peptides reasonably well for peptides that show selective 

cleavages and neither of them seems to be good at identifying short peptides with few 

amino acid residues. 

 Based on a thorough understanding of these two algorithms, peptide 

fragmentation patterns associated with corresponding structure motifs are incorporated 

into SEQUEST Replica and X!Tandem Replica, which are home-reproduced versions of 

these two algorithms. Research results found that both SEQUEST and X!Tandem reduce 

the effect of selective cleavages by either pre-processing the original experimental 

spectra or using a particular scoring scheme, but results did show that selective cleavage 

rules for peptide fragmentation do help improve peptide identification especially for 

selectively cleaved peptides.  
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A supplementary tool that makes use of the peak intensity information in the 

experimental spectra is developed and applied after a SEQUEST search to extract those 

correct peptides that otherwise would be filtered out by filtering rules. Results from this 

thesis showed that more peptides could be correctly identified and a low false positive 

rate (<5%) was introduced by applying this tool after SEQUEST search.  

In Chapter 4, a new possible ammonia metabolic pathway in mosquitoes was 

proposed and quantitative mass spectrometry was used to quantify the possible final 

ammonia metabolic product, urea, and the qualitative technique was used to trace the 

detailed nitrogen metabolic pathway. Results showed that the major steps along this 

proposed pathway were confirmed and the detailed transfer pathway of nitrogen was 

elucidated.   
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Chapter 1 Introduction 

 
In the post-genomic era,1, 2 one of the areas of great interest in biology and 

chemistry is proteomics.3 Proteins, as the major components in the cell building process, 

are directly responsible for maintenance of correct cellular functions.3 While there are 

powerful methods and tools for the global analysis of DNA and RNA,4-7 the proteomics 

field is challenging and still searching for technology that will allow for comparable 

measurements of the protein complement,8 due to the complexity of the proteome. The 

increase in proteome complexity is due to many mechanisms, such as alternative splicing, 

which is observed in nearly all metazoan organisms as a means for producing 

functionally diverse polypeptides from a single gene,9 or numerous post-translational 

modifications such as phosphorylation and glycosylation,8, 10, 11 which make protein 

production highly dynamic. Black has shown that a single gene unit in Drosophila might 

lead to more than 38000 protein products.12  

Proteomics involves systematic studies of protein characterization and 

quantification, protein-protein interaction, protein localization and protein modifications 

exerting regulatory control over processes.13-15 The number of proteins expressed in a 

single cellular system is typically in the thousands or tens of thousands and the protein 

expression levels can vary by up to ten orders of magnitude in humans.3, 16 Thus, an ideal 

proteomics technology would have the features of high sensitivity to detect the low level 

expressed proteins and high throughput to identify a large quantity of proteins, the ability 

to identify differentially modified proteins and the ability to quantitate all the proteins 



 

 

17

 
 
 
 

present in a sample.3 Fluorescence two-dimensional difference gel electrophoresis (DIGE) 

is one of the commonly used tools in the proteomics field because of its excellent 

resolving power and differential quantification capability.17, 18 At the same time, this 

technique is expensive or lab intensive, low-throughput and difficult for automatization. 

Another promising technology, mass spectrometry (MS) has increasingly become the 

method of choice for proteomics19 after the discovery and development of two ionization 

methods for macro bio-molecules in MS, electrospray ionization (ESI) and matrix-

assisted laser desorption/ionization (MALDI). At the same time, with the increasing 

availability of high quality DNA sequence databases, database search algorithm 

development has been one of the most critical areas in MS-based proteomics. Peptide 

mass fingerprinting (PMF) and peptide fragmentation fingerprinting (PFF) are two 

commonly used techniques in database searching.55 In the PMF method, experimentally 

obtained MS spectra are searched against a protein database translated from a DNA 

database to locate the protein which is most likely to produce the spectra. MS-Fit20 is an 

example of the PMF approach. The PFF technique uses tandem (MS/MS) spectra, which 

is fragmentation spectra of isolated parent ions, and searches against a database by a 

specific algorithm. Examples are SEQUEST21 and Mascot.22 

The search algorithm has an important role in characterizing the proteins correctly. 

Over the years, many algorithms have been developed,21, 23-38 including SEQUEST, 

ProFound, X!Tandem, etc. While these algorithms have been very successful, many 

spectra still are not identified correctly.39, 40 The aims of this research are to study some 

of the most commonly used database search algorithms and to incorporate improved 
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knowledge of gas phase fragmentation behaviors of peptides into the algorithms. This 

chapter will briefly introduce mass spectrometry instrumentation and theory and give an 

overview of selected search algorithms and peptide fragmentation.  

1.1 Overview of mass spectrometry 

After its first invention in 1912 by a great physicist, Joseph John Thomson, mass 

spectrometers have been increasingly important tools in many fields, especially in 

chemistry, biology and medicine. Nevertheless, not until the two protein ionization 

methods, ESI and MALDI, were invented, did MS become an indispensable technology 

in proteomics.  

A mass spectrometer consists of three important pieces: an ion source that 

volatizes and ionizes the sample, a mass analyzer that separates ionized analytes based on 

the mass-to-charge ratio (m/z), and a detector that counts the number of ions at each m/z 

value.  

1.1.1 Ion source 

There are many ionization sources that ionize different types of molecules, like 

electron ionization (EI), chemical ionization (CI), and fast atom bombardment (FAB). 

The two most important ionization methods related to proteomics are electrospray 

ionization (ESI) and matrix assisted laser desorption/ionization (MALDI). 
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FIGURE 1.1. Schematic diagrams of ESI (A) and MALDI (B). Figure adapted from 

reference41 with permission. 

 
John B. Fenn was awarded the 2002 Nobel Prize in chemistry for the invention of 

ESI. ESI-liquid chromatography (LC)/MS/MS is the key technology in proteomics. The 

mechanism of ESI involves three stages. First, highly charged droplets are formed from 

the sample solution under a high electric field as shown in Figure 1.1A. Second, while the 

solvent in the droplet keeps evaporating under heat and the droplet surface charge density 

exceeds the liquid’s surface tension, known as “Rayleigh instability”42, “Coulomb 

explosions” occur and produce smaller droplets. The repeated evaporation and explosion 

lead to very small charged droplets formed. There are uncertainties about the third stage 

and two models were proposed, the ion evaporation mechanism (IEM) and the charged 

residue mechanism (CRM).43-47 In the IEM, it was shown that when the charged droplet 

becomes very small, the electric field due to the charges at the surface of the droplet 

would expel gas phase ions from the droplet. In the CRM, it was proposed that repeated 

solvent evaporation from the small droplet to dryness would produce gas phase ions. Ions 

A B
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from ESI can be multiply charged, which allows the analyzers with a low limit of m/z to 

detect large molecules. Since ESI volatiles and ionizes the sample from the solution, it is 

easy to couple chromatographic separation (high performance liquid chromatography) or 

capillary electrophoresis with a mass spectrometer via an ESI source.  

Another technique that can ionize and introduce macromolecules into mass 

spectrometers without significantly inducing fragmentation is MALDI as shown in Figure 

1.1B. MALDI-MS is normally used in proteomics for analysis of simple peptide mixtures. 

In the MALDI process, a pulsed laser is directed to an analyte imbedded in an excess of a 

specific solid crystalline matrix. The typical matrix compounds used in MALDI to help 

ionization include trans-cinnamic acid, 2,5-dihydroxybenzoic acid and alpha-cyano-4-

hydroxy cinnamic acid. The matrix absorbs the laser energy and vaporizes with the 

sample and a gas phase proton transfer reaction occurs, which produces analyte ions. In 

some cases, cationization with a metal like Na+ or K+ is a preferred pathway of 

ionization.48-51 Recently, another ion formation mechanism in MALDI, the cluster 

ionization mechanism is proposed.52 In this mechanism, it was shown that analytes are 

already pre-charged in the matrix crystal before the laser ablation, i.e., ions are 

“preformed” and the proton transfer from the protonated matrix to neutral analytes after 

laser ablation is not required any more. 

Ions from MALDI are normally singly charged, but it is difficult to study 

compounds below 800 Dalton because of interference from the matrix peaks. 
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1.1.2 Mass analyzer 

Stand alone quadrupole, quadrupole/linear ion trap, time-of-flight (TOF), Fourier 

transform ion cyclotron resonance (FTICR) or a hybrid of these analyzers are commonly 

used in MS-based proteomics. Figure 1.2 shows these analyzers. Each of the analyzers 

has its advantages and weakness in terms of analytical sensitivity, resolution and mass 

accuracy. A hybrid tandem mass spectrometer can take advantages of the strengths of two 

analyzers.  

 

 

FIGURE 1.2. Schematic diagrams of mass analyzers. Figure adapted from reference19 

with permission from Macmillan Publishers Ltd. 

 
Quadrupole and triple quadrupole 
 

A quadrupole mass analyzer consists of four rods applied with both a direct 

current (DC) and a radio frequency (RF) voltage. The quadrupole mass analyzer works as 

a band pass mass filter and at unit mass resolution. Only the ions of one particular m/z 
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can be transmitted at given RF and DC voltages, while a simultaneous increase of RF and 

DC voltages scans and transmits ions of increasing m/z. In a triple quadruople mass 

spectrometer, the first and third quadrupoles serve as the mass analyzer while the middle 

quadrupole is a collision cell where collision induced dissociation (CID) occurs.  

Quadrupoles are relatively small and cheap, and they are often used in a hybrid 

mode. They have an upper m/z limit of 4000, however, with limited resolution and mass 

accuracy. 

 

Quadrupole/Linear ion trap (QIT/LIT) 

In a QIT mass analyzer, the electric field is applied three-dimensionally and ions 

are trapped for a certain time interval. For mass analysis, ions of different m/z are 

sequentially ejected from low m/z to high m/z by changing the amplitude of one radio 

frequency potential.53 A QIT mass analyzer is relatively sensitive, small, cheap, and easy 

to use. In addition, tandem MS/MS can be performed within QIT by excluding all other 

ions but the precursor ions, activating the precursor ions to initiate fragmentation and 

subsequently analyzing the resulting fragments. A low mass cutoff is intrinsic for QIT, 

where no ions below a specific mass could be trapped inside the ion trap. The cutoff mass 

is limited by the amplitude of the applied rf voltage. Also QIT has a limited mass range 

(upper limit of 2000) and mass accuracy similar to a quadrupole analyzer. The linear ion 

trap is an exciting development with an increased sensitivity, resolution and mass 

accuracy compared to a quadrupole ion trap.  In the commercial Q TRAP instrument 

from Applied Biosystems, the mass selection of precursor ions is performed in the first 
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quadrupole and fragmentation happens in the middle quadrupole and mass analysis is 

carried out in the linear ion trap, thus eliminating the low mass cutoff problem present in 

QIT.  

 

Fourier transform ion cyclotron resonance (FTICR) 

FTICR, also called as FT-MS, is another trapping analyzer. In FTICR, ions are 

trapped under high vacuum in a high magnetic field. The basis of FTICR is the ion 

cyclotron motion.54 The cyclotron frequencies of ions are inversely proportional to their 

m/z values. Ions of specific m/z will be excited to spiral outward and then detected if 

their cyclotron frequency is in resonance with the frequency of the applied RF electric 

field. Frequency domain signal then will be converted back to the m/z information. 

FTICR has the highest sensitivity, mass accuracy and resolution of all the mass analyzers. 

It is bulky, expensive and complex, however, the throughput is lower than other 

instruments. 

 

Time-of-flight (TOF) 

In a TOF analyzer, ions are accelerated through an electric field and then pass 

through a field-free region before hitting the detector. Because ions gain the same kinetic 

energy from the acceleration voltage, ions with different masses will have different 

velocities, leading to different arrival times to the detector and thus a separation of ions. 

To improve the mass resolving power in this liner TOF mode, a reflectron composed of a 

series of electrostatic mirrors is added. Ions with the same mass but different initial 
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kinetic energy from the ion source (kinetic energy spread) will travel different distance 

into the reflectron and finally reach the detector simultaneously.55, 56 The difference 

between a linear TOF and reflectron TOF is shown in Figure 1.3.  TOF can be used in a 

hybrid mode like TOF-TOF or Q-TOF where a collision cell is placed in between the two 

hyphenated analyzers.  Ions of interests are selected in the first mass analyzer, either the 

TOF or quadrupole, fragmented in the collision cell and the fragments are then separated 

in TOF. TOF has high sensitivity, resolution and mass accuracy. Theoretically it has no 

upper limit of m/z. TOF analyzers are normally coupled with pulsed ionization source 

like MALDI. 

 

 

FIGURE 1.3. Difference between a linear TOF and reflectron TOF. Figure modified from 

reference57. 

Time of flight ∝ m/z 
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1.1.3 Tandem mass spectrometry 

As mentioned above, several mass analyzers could be coupled to make a tandem 

mass spectrometer. Tandem mass spectrometry (MS/MS) employs two or more stages of 

mass analysis in order to obtain the structural information of particular ions of interest in 

a mixture of ions. In a typical MS/MS experiment, an ion of interest with a particular m/z 

is selected in a mass analyzer. This ion is called a precursor ion or parent ion. In data- 

dependent acquistion mode, which is commonly used in proteomics, several precursor 

ions with the intensity above a preset threshold are isolated sequentially for fragmentation. 

The isolated precursor ion is then subject to collisions with an inert gas, such as Argon, 

resulting in collision induced dissociation (CID), which is the most commonly used 

dissociation method. Fragments produced are then measured by the second mass analyzer 

(tandem-in-space) or the same mass analyzer (tandem-in-time). Tandem-in-space and 

tandem-in-time are two strategies to perform tandem experiments. In tandem-in-space 

instruments, two separate mass analyzers are coupled and a collision cell is placed in 

between these two analyzers. The first analyzer is used to select the precursor ion and the 

second one is used to analyze the fragments. Triple quadrupole (QqQ), Q-TOF and TOF-

TOF belong to this type. In the tandem-in-time strategy, mass selection and mass analysis 

of fragments are carried out in the same analyzer, but at different times. A precursor ion 

is first selected by excluding all the other ions and mass analysis is then performed in the 

same analyzer after the precursor ion is dissociated. Quadrupole ion trap, linear ion trap 

and FTICR are tandem-in-time instruments. In this type of instruments, multiple MS 

stages can be performed (MSn).  
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1.2 Overview of all the algorithms 

Before MS was capable of analyzing proteins, the main technique for protein 

identification was Edman degradation developed by Pehr Edman. Edman degradation is a 

N-terminal residue identification method where by the reaction of phenylisothiocyanate 

with the free amino group of the N-terminal residue, one amino acid on the N-terminal is 

cleaved in one cycle of Edman degradation and is identified as its phenylthiohydantoin 

(PTH) derivatives by comparing its retention time on HPLC with those of known PTH-

amino acids.58 As can be seen, this method is not suitable for high-throughput protein 

identification since it requires repeated cycles to identify all amino acids and each cycle 

will take around 94 minutes.59 In addition, the protein for analysis has to be as pure as 

possible, and this method is labor intensive. Also, it is difficult to sequence a very long 

protein and if the protein is blocked at its N-terminal, e.g. acetylated, this method will 

completely fail since it requires a free amino terminal.60  

During the 1990s, mass spectrometry took the place of Edman degradation for 

protein identification, after the invention and application of ionization of large bio-

molecules by ESI and MALDI. MS technology is much more sensitive and faster than 

Edman degradation, and it can identify modified or blocked proteins.  

The rapid expansion of protein and DNA sequence databases together with 

improvements in MS instrumentation has made the combination of mass spectrometric 

technology with database searching a method of choice for rapid identification of 

proteins.23, 29, 61-64 Identifications are based on the comparison of an experimentally 

determined lists of parent ion masses or fragmentation ion masses with a database of 
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protein sequences.31 Many database search algorithms have been developed for protein 

identification. From the aspect of how each peptide is scored, these algorithms can be 

categorized into two classes, heuristic or probabilistic. For heuristic algorithms, a 

theoretical spectrum will be predicted for each candidate peptide and then compared with 

the experimental spectrum. A score indicating the similarity of these two will be 

calculated. The simplest heuristic algorithm just counts the number of peaks common to 

the two spectra. For probabilistic algorithms, the peptide fragmentation will be assumed 

to follow a certain statistical model, which is used to calculate the probability that each 

candidate peptide sequence would produce the experimental spectrum, or the probability 

that each one would produce the spectrum by chance. From the aspect of whether pre-

interpretation of experimental spectra is needed or not, these algorithms can be classified 

into two categories. The first requires manual or automatic interpretation of the spectra to 

figure out stretches of ambiguous sequences (peptide sequence tag) and then database 

searching of protein sequences with the knowledge of the sequences in the unknown 

sample. The second requires no interpretation of the spectra before database searching – 

lists of masses in the experimental spectra and those from the potential true 

peptide/protein sequence in the database will be compared.32, 65  

Peptide mass fingerprinting (PMF) based on MS spectra and peptide 

fragmentation fingerprinting (PFF) based on MS/MS are the two most commonly used 

strategies for protein identification.22, 61, 64  
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1.2.1 Peptide mass fingerprinting (PMF) – MS spectra based 

When the PMF strategy is used, the mixture of protein first goes through one-

dimensional SDS-PAGE (Sodium Dodecyl Sulphate-Polyacrylamide Gel Electrophoresis) 

or two-dimensional gel separation. Each protein band is excised and subject to digestion 

by an enzyme of high specificity, typically trypsin, and the resulting proteolytic products 

are subjected to either MALDI-MS or ESI-MS.  A PMF search algorithm then correlates 

the experimental peptide mass profile from MS spectra with the peptide mass profile 

obtained from theoretical (in silico) digestion of each protein sequence in the database by 

the same enzyme. The protein in the database with its peptide mass list from theoretical 

digestion best matching the experimental peptide mass list is assumed to be the correct 

protein. Search algorithms such as MS-Fit, Mowse and ProFound are common tools for 

PMF identification.  Figure 1.4 shows how this method works. 

 

 

FIGURE 1.4. Flowchart of the PMF procedure. Figure adapted from reference61 with 

permission from American Chemical Society. 
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This peptide mapping method is very fast because the mass spectra are rapidly 

collected (<1min/spectrum for MALDI-TOF analysis) and the analysis is performed on 

the same time scale.61 But this method has several shortcomings. First, it is not suitable 

for identification of a complex mixture of proteins, since it is impossible to tell which 

digested peptide comes from which protein, although some algorithms can identify two 

proteins digested simultaneously within the same band.61 Second, since the PMF-based 

algorithms identify the proteins simply based on the masses of digested peptides, 

insufficient mass resolution of a MS instrument or a single mass error can increase the 

rate of false identifications.  

1.2.2 Peptide fragmentation fingerprinting (PFF) – MS/MS spectra based 

“Top down” and ‘bottom up” are two methods of protein identification when 

tandem mass spectrometry technology is involved. In top down sequencing, the protein is 

not subject to enzyme digestion and the whole intact protein is fragmented directly. The 

molecular weight of the protein and the fragmentation spectrum of the intact protein can 

be obtained, leading to the identification of the whole protein. In the bottom up method, 

the protein is first digested with a protease to produce a mixture of peptides. The 

fragmentation spectra of peptides are obtained, leading to sequencing of peptides.40 

Protein identification will be inferred from the peptides identified. Of the two strategies 

the bottom up method is more popular. There are several reasons for sequencing peptides 

instead of sequencing proteins directly. Proteins are difficult to handle and the sensitivity 

of mass spectrometry for proteins is much lower than for peptides. More importantly, 

mass spectrometry is more efficient in obtaining sequence information for peptides only 
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up to around 20 amino acids60, instead of for the whole protein. Finally, the bottom up 

method allows use of lower resolution and higher throughput MS instruments for protein 

identification. 

Pioneered by Hunt and colleagues, the use of LC-MS/MS for the analysis of 

complex peptide mixture is the core method of MS-based proteomics.66 Like PMF, the 

PFF strategy generally starts with the protein fractionation for the complex mixture of 

proteins. The mixture of proteins is separated by one-dimensional PAGE and the proteins 

within each band are digested with trypsin, producing a mixture of peptides, as shown in 

Figure 1.5. The peptide mixture is subjected to single dimension (reverse phase liquid 

chromatography (RPLC)) or multiple dimensions (Strong Cation Exchange (SXC) + 

RPLC) of separation coupled on-line with tandem mass spectrometry, depending on how 

complex the sample is.  Once the peptides are ionized by ESI and enter the mass 

spectrometer, the analyzer isolates the parent peptide ion and the ion is fragmented by 

CID. The same analyzer (tandem in time) or the second analyzer (tandem in space) then 

measures the m/z values of the fragments of the isolated parent ion, producing the tandem 

spectra for peptide ions in the complex mixture. Peptides can be identified by PFF based 

algorithms, such as SEQUEST, PepFrag, X!Tandem, etc. The algorithm performs an in 

silico digestion by trypsination of all the protein sequences in the database. The algorithm 

then finds peptide candidates from the theoretically digested peptide database based on 

the parent ion mass.  Assuming the peptide will fragment uniformly at each amide bond 

along the backbone, the mass list of fragments of that candidate peptide can be deduced. 
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The peptide with the mass list of its fragments best matching with the experimentally 

determined mass list would be considered the correct peptide.  

 

 

FIGURE 1.5. Flowchart of the PFF procedure 

1.2.3 Problems and limits in current algorithms 

Widely used algorithms such as SEQUEST use a uniform fragmentation model to 

predict the fragmentation pattern of candidate sequences; in other words, they assume 

each amide bond along the peptide backbone cleaves uniformly, regardless of the amino 

acid residue compositions of the sequence. In reality, the peptide fragmentation pattern is 

greatly affected by many factors, such as the charge state and the chemical properties of 

the amino acid residues, which will be discussed more in section 1.3.3. Figure 1.6 shows 

an example of a unique cleavage pattern of a peptide, where the sequence could be easily 

figured out from the complete series of fragment ions, while Figure 1.7 shows an 

enhanced cleavage at a specific amino acid residue where only two ions are dominant in 
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the spectrum, which makes this peptide sequencing troublesome.  The performance of the 

algorithms could possibly be improved for peptides that do not show a uniform cleavage 

behavior if a more accurate fragmentation model that better predicts the peptide 

fragmentation process is incorporated.  

 

 

 

 

 

 

 

FIGURE 1.6. Uniform cleavage of a peptide   

 

In other words, in reality not each amide bond in a peptide sequence will cleave 

with the same intensity. If both the m/z values and intensity profile information in an 

experimental spectrum can be fully explored in protein identification, the sequencing 

ability of a protein identification algorithm may be improved. Currently, only several of 

the commonly used protein identification algorithms make use of the intensity 

information in various ways, such as Sonar, Spectrum Mill, X!Tandem and ProbID. 

In this thesis, two ways will be explored to improve the algorithm performance: 

one incorporates a more accurate peptide fragmentation model based on previous 

FIGURE 1.7. Selective cleavage of 
a peptide 
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research results from our group, which is then used to predict the fragmentation patterns 

of candidate peptides; another makes use of the intensity information in the experimental 

spectra with an aim to identify more peptides. 

1.3 Peptide fragmentation 

1.3.1 Mobile proton model 

The bottom up protein identification method involves activation and subsequent 

fragmentation of the isolated parent ion. When the parent ion is subject to one of the 

dissociation methods, fragments of the peptide are produced and their m/z values and 

relative intensity are shown in the tandem mass spectrum of that peptide. The sequence of 

that peptide can be deduced if there is enough sequencing information in the spectrum. 

The mobile proton model67 is commonly accepted  to describe the mechanism of peptide 

fragmentation, where the proton migrates along the backbone once the peptide is 

activated, forming a heterogeneous population of protonated peptides, and the migrated 

proton then initiates the cleavage at various sites, resulting in fragments corresponding to 

various amide bond cleavage along the peptide backbone. This is a “charge directed” 

fragmentation pathway, since the charge from protonation initiates the fragmentation. 

When there is a basic residue in the peptide, such as arginine, the proton in a singly 

charged peptide will be “sequestered’ by that basic residue. Under this situation, 

fragmentation will occur only if there’s enough energy deposited to the parent ion to 

induce intramolecular proton transfer68 or fragmentation will occur only if there is a 

fragmentation pathway that doesn’t require the intramolecular proton transfer, e.g. 
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cleavage initiation by the side chain of aspartic acid. The latter is a “charge remote” 

fragmentation since the charge from protonation is not involved in cleavage initiation.  

1.3.2 Nomenclature of fragment ions 

The nomenclature of peptide fragment ions were first proposed by Roepstorff and 

Fohlman69 and later modified by Johnson et. al..70  

When an amide bond is cleaved, a bx ion is formed if the charge is retained on the 

N-terminal of the peptide, or a yn-x ion is formed if the charge is retained on the C-

terminal, where x is the number of R groups in the b ion, and n is the total number of R 

group in the peptide. If the peptide is multiply charged, charges can be transferred to each 

fragments, forming both bx and yn-x ions, the complementary ion pair. Even the fragments 

can be doubly charged as b++ or y++. Although b and y ions are two main ion types under 

low energy CID and thus are two most important ion types in peptide sequencing based 

on tandem mass spectrum, many other types of ions may also be observed. As can be 

seen from Figure 1.8, if the cleavage occurs at the carbonyl carbon and carbon bond next 

to the amide bond, an ax or xn-x ion will be formed; if the cleavage occurs at the nitrogen 

and carbon bond next to the amide bond, a cx or zn-x ion will be formed. Some other ions 

are formed due to the neutral loss of CO, H2O or NH3 from a b/y ion. An a ion is 

observed when a b ion loses a CO group. If there is an S, T, D or E in the peptide 

sequence, the a/b/y ion containing such a residue can lose H2O to form an a-H2O/b-

H2O/y-H2O ion. If there is R, K, Q, or N, the a/b/y ion containing such a residue can lose 

NH3 to form an a-NH3/b-NH3/y- NH3 ion.  
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FIGURE 1.8. Nomenclature of ions  

An internal fragment ion is formed when the cleavage along the backbone occurs 

both at the N and C terminal, either a combination of b and y type cleavages (Figure 1.9) 

or a combination of a and y type cleavages (Figure 1.10).71 An immonium ion is an 

internal ion formed by a combination of a and y type cleavages, with only one amino acid 

residue.               

H2N CH C N C
H

C O+

R2 O H R3

 

               FIGURE 1.9. b and y type cleavages. 

 

Satellite ions in Figure 1.11 are produced corresponding to cleavages at side chain 

bonds and backbone bonds generated under high energy CID conditions normally with 

collision energy of several KeV.72 They are denoted as d, v, w ions and allow isobaric 

ions to be differentiated.  

Figure 1.10.  a and y type cleavages 
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FIGURE 1.11. Example structures of d, v, and w ions. Reproduced from reference40 with 

permission from Elsevier. 

1.3.3 General peptide fragmentation patterns 

The types of fragment ions detected and their relative abundance depends on 

many factors, such as ion source, the instrument’s observation time frame, the activation 

method (CID, SID, ECD, etc), and the peptide composition. Research from many groups 

shows that the cleavage intensity at each peptide bond is not uniform, and many factors 

will affect peptide gas phase fragmentation behavior, including the charge state of the 

precursor ion,73-75 the size of the peptide,76 the location of amino acid residues,77 and 

chemical properties of adjacent amino acid residues.68, 78-92 Table 1.1 shows the default 

ion types considered for Mascot searches for different instruments. 
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TABLE 1.140, 93 Ion types for different instruments and restrictions on ion types for 

Mascot search 

 

 

Several residues or residue combination specific enhanced cleavages are observed 

upon peptide fragmentation. For instance, when the mobile proton(s) is available to 

initiate the backbone cleavage, a strong cleavage N-terminal to proline is detected over 

the whole spectrum, because of proline’s specific cyclic side chain structure. Breci81 did a 

statistical study on 516 high quality, doubly charged proline containing peptide spectra 

and found that the intensity of the cleavage N-terminal to proline depends on the amino 

acid residue before proline, i.e. the Xxx in Xxx-Pro combination. Tab82 studied 1465 

spectra from doubly charged tryptic peptides and found similar results that proline is the 

residue which has the most distinctive bias toward N-terminal fragmenation. When Pro is 

close to either the N or C terminal, or when Pro is not present in the sequence, enhanced 

cleavages may be observed C-terminal to branched aliphatic residues, such as Ile, Leu 
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and Val.77, 91, 94 If no mobile proton is available to induce the cleavage, i.e. the number of 

basic residues is bigger than the number of protons and thus the protons are sequestered 

by those basic residues, cleavages C-terminal to Asp/Glu (D/E-Xxx) are enhanced.89-91, 94 

Huang and coworkers77 analyzed 28311 spectra of unique peptide sequence and 

charge state from Shewanella oneidensis and Deinococcus Radiodurans assigned by 

SEQUEST (TurboSEQUEST V.27 (rev.11)) and confirmed by accurate masses of 

precursor ions from FT-ICR. This 28311 spectra dataset will be introduced and 

characterized in detail in Section 1.4 and from here on it will be referred to as “PNNL 

Dataset”.  They separated all the spectra into five different clusters, according to the 

fragmentation patterns and characteristics shown in the spectra. Within each cluster, 

similar dissociation patterns were observed. Chemical motifs responsible for specific 

fragmentation patterns were extracted from each cluster. The five clusters are: 1. Xxx-Pro, 

where all the spectra show enhanced cleavages N-terminal to Pro; 2. Ile/Leu/Val-Xxx, 

where all the spectra show enhanced cleavages C-terminal to those branched aliphatic 

residues; 3. Asp/Glu-Xxx, where all the spectra show enhanced cleavages C-terminal to 

the acidic residues; 4. Cluster where all the spectra show abundant b and y ion and non-

selective cleavages; 5. Noise cluster, which consists of the spectra that cannot be 

clustered into any of the four regular clusters. Chapter 2 will include detailed discussion 

of this dataset, and most of our algorithm tests are performed on this dataset.  

1.4 Characterization of PNNL dataset 
 

This dataset is from Dr. Richard Smith’s group in Pacific Northwest National 

Laboratory (PNNL) and as mentioned above, it consists of 28311 spectra of unique 
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sequence and charge state from two organisms of Shewanella oneidensis and 

Deinococcus Radiodurans. Under the same liquid chromatographic condition, the same 

peptides were sent to the FT-ICR instrument and ion trap instrument simultaneously. 

Peptide fragmentation spectra acquired from the ion trap were used by SEQUEST for 

peptide identifications, while accurate masses of precursor ions from the FT-ICR were 

used for confirmation of the assignments. When the top candidate searched by SEQUEST 

with a minimum Xcorrelation score of 1.5 correlate with the accurate mass of the 

candidate within 1ppm under the same retention time (tolerance of 5%), the top candidate 

was assigned to the spectrum as the correct sequence. Composite spectra that result from 

more than one peptide selected for fragmentation simultaneously were filtered. Since this 

dataset takes advantage of information from two different mass spectrometers and the 

retention time, this approach eliminates the high cutoff scores for filtering but the 

assignment of the spectra should be very confident. Figure 1.12 and 1.13 characterize this 

dataset from the charge state and C-terminal ending residue, respectively. 
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FIGURE 1.12. Composition of the 28311 peptides in terms of charge state 
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FIGURE 1.13. Composition of the 28311 peptides in terms of C- residue terminal amino 

acid  
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Among the 28311 peptide spectra, 7175 (25.34%) peptides are singly charged, of 

which the median length is 11 residues; 17647 (62.33%) peptides are doubly charged, of 

which the median length is 16 residues, and 3489 (12.33%) peptides are triply charged, of 

which the median length is 26 residues. In terms of the C-terminal amino acid residue, 

14247 (50.32%) peptides end with Lys with a median length of 15 residues and 12570 

(44.40%) end with Arg with a median length of 16 residues, while 1494 peptides end 

with other amino acid residues with a median length of 18 residues.  

1.5 Overview 
 
 In Chapter 2, two widely used MS/MS database searching algorithms, SEQUEST 

and X!Tandem, are studied in detail, and research results of peptide fragmentation from 

our group are incorporated into them in several different ways with an aim to improve the 

algorithm performance. In addition, a supplementary tool called interpreted intensity 

percentage scheme, which makes use of the intensity information in a spectrum, is 

applied after SEQUEST search to extract more correct peptide assignments that 

otherwise would be filtered out by filtering criteria. Finally, characteristic studies of 

peptides identified/unidentified by SEQUEST and by X!Tandem are conducted to better 

understand the performance difference between the two algorithms. Conclusions and 

suggestions for future directions for the research presented in Chapter 2 are proposed in 

Chapter 3. 

 A project in collaboration with Dr. Patricia Scaraffia, a biochemist from the 

Department of Biochemistry and Molecular Biophysics at the of University of Arizona, 

was carried out as a part of my research work. In this project, we studied the ammonia 
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metabolism pathway in mosquitoes in an attempt to find a way to control mosquitoes. 

The strategy we used is to feed mosquitoes with 15NH4Cl and other 15N labeled possible 

intermediates in the pathway, and then monitored the amount of urea and 15N-urea 

quantitatively. Chapter 4 presents the strategy, methodology, results and an ammonia 

metabolism pathway we propose.  
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Chapter 2. Study and modification of two protein identification algorithms: 

SEQUEST and X!Tandem 

 

Protein identification through low energy collision induced dissociation (CID) 

MS/MS spectra has been one of the most popular and important strategies in MS-based 

proteomics.19 Computer algorithms that are used to search protein databases to assign 

peptide sequences to MS/MS spectra play a crucial role in this method. While MS/MS 

spectra are produced in a high throughput mode, only a limited number of spectra can be 

assigned with correct peptide sequences.40, 82, 95, 96 A detailed study of current widely used 

algorithms will be very helpful in determining ways to make them work better. 

Widely used algorithms such as SEQUEST assume each amide bond along the 

peptide backbone cleaves uniformly, regardless of the amino acid residue compositions 

of the peptide sequence. Thus, they only use m/z information from MS/MS spectra while 

ignoring intensity information. As mentioned in Chapter 1, research from many groups 

shows that the cleavage intensity at each peptide bond is not uniform, and many factors 

affect gas phase peptide fragmentation behavior. By incorporating the rules from research 

results governing peptide gas phase fragmentation, the modified algorithms may make 

use of the intensity information in MS/MS spectra to improve their peptide sequencing 

performances.  One part of this chapter is aimed to explore whether and in which way the 

experimental research results of peptide fragmentation rules will be useful in improving 

algorithms’ peptide sequencing ability.  
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In addition, many different MS/MS associated searching algorithms are used in 

the lab and none of them is perfect in terms of every aspect of peptide identifications. It is 

time to perform a detailed analysis to study the peptides identified or missed by various 

algorithms so that the strengths and weaknesses of each algorithm can be investigated 

and to determine ways to improve the algorithm. 

Overall, this chapter is composed of three parts: the first section describes the 

detailed study of how SEQUEST and X!Tandem work and incorporates peak intensity 

information from mass spectra to improve the two algorithms; the second is about 

developing and applying a supplementary scheme after SEQUEST search to identify 

more peptides on the basis of SEQUEST, and the third part is a characterization study of 

peptides identified and missed by SEQUEST and by X!Tandem.  

2.1 Three patterns of enhanced cleavages 

Currently, most of the MS/MS associated heuristic database searching algorithms 

assume that each peptide bond cleaves uniformly along the backbone, resulting in all 

peaks of b and y ions with the same assumed intensity in one mass spectrum. However, 

the above assumption is not accurate. The Wysocki group and other groups73, 78, 83, 88 have 

performed extensive research on gas phase peptide fragmentations obtained over several 

years, and they found that several specific residues or residue combinations show 

enhanced cleavages upon peptide fragmentations.  
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2.1.1 Enhanced cleavage at Xxx-Pro 

When a mobile proton(s) is available to initiate the peptide backbone cleavage, a 

strong cleavage N-terminal to proline is observed. It is now widely accepted that the 

peptide bond cleaves through oxazolone formation by nucelophlic attack on a protonated 

carbonyl by its preceding carbonyl oxygen via a five-membered ring as shown in Figure 

2.1. Because of proline’s specific cyclic side chain structure, the attack on the 

electropositive carbonyl carbon by the preceding carbonyl carbon to form a bicyclic 

oxazolone is hindered  (shown in Figure 2.2) and thus the cleavage to its C-terminus is 

suppressed while the cleavage to its N- terminus is enhanced. But recently, through the 

computational study, Hopkinson and coworkers reported that the bicyclic oxazolone 

containing Pro from Gly-Pro-Gly is only 2.7 kcal/mole higher in free energy than the 

nonbicyclic oxazolone from Pro-Gly-Gly,97 which means that strain in the bicyclic 

structure seems to be a very small factor contributing to enhanced N-terminal cleavage to 

Pro. Huang also proposed98 that enhanced cleavage N-terminal to proline over the whole 

spectrum might be assisted by local sterically-favored backbone and side chain 

conformations that favor a specific intramolecular nucleophilic attack and/or a specific 

charge solvation structure as shown in Figure 2.3.  
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2.1.2 Enhanced cleavage at Ile/Leu/Val-Xxx 

The proposal that conformation restrictions from side chains can assist peptide 

fragmentation is supported by enhanced cleavage C-terminal to branched aliphatic 

residues. When Pro is not present in the sequence or Pro is close to the N or C terminus, 

while mobile proton(s) are available, enhanced cleavages are observed C-terminal to 

FIGURE 2.1. Normal fragmentation 
through oxazolone formation. Figure 
modified from reference.67 

FIGURE 2.2. Suppressed fragmentation 
C-terminal to Pro. Figure modified from 
reference.67 

FIGURE 2.4. Enhanced 
fragmentation at Asp. 

FIGURE 2.3. Enhanced fragmentation at 
Pro. Figure modified from reference.98   
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branched aliphatic residues, Ile, Leu and Val.77, 91, 94 The order of enhanced cleavage 

intensity C-terminal to these residues is Ile > Val > Leu, which agrees well with the fact 

that Ile and Val are β-branched.77  

2.1.3 Enhanced cleavage at Asp/Glu-Xxx 

If no mobile proton is available to induce the cleavage, i.e. the number of basic 

residues, Arg in particular, being greater than the number of protons and thus protons are 

sequestered by those basic residues, cleavages C-terminal to Asp/Glu are enhanced.89-91, 

94 The side chain carboxylic hydrogen is solvated by the carbonyl oxygen and initiates the 

cleavage C-terminal to Asp/Glu as shown in Figure 2.4. Huang and coworkers77 

suggested that the possible interaction between side chains of Asp/Glu and that of Arg 

would shut down this selective cleavage C-terminal to Asp/Glu.  

2.2 SEQUEST and MockSee 

SEQUEST, developed by Yates and coworkers in 1994,21 performs automated 

peptide/protein sequencing by utilizing tandem mass spectra and is one of the most 

popular MS/MS based database searching algorithms. As one of the heuristic algorithms, 

SEQUEST converts the character-based representation of peptide sequences from in 

silico digestion of proteins in a database to theoretical spectra, assuming each amide bond 

cleaves uniformly. Each theoretical spectrum is compared against the MS/MS 

experimental spectrum after the experimental spectrum is modified.  By using a uniform 

fragmentation model, however, it does not make full use of the intensity information in 

MS/MS spectra.  
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2.2.1 How SEQUEST works 

To perform peptide sequencing, SEQUEST first pre-processes experimental 

MS/MS spectra. All the m/z values in the spectrum are rounded to the nearest integer. 

After noise elimination, only the 200 most abundant ions are retained and the highest 

intensity is normalized to 100. Database searching on the mass of the precursor ion 

against a complete list of peptide sequences is carried out, and the candidate peptides 

include all those whose mass errors from the precursor mass fall within the pre-defined 

mass tolerance. SEQUEST directly cross correlates the experimental spectrum and the 

reconstructed theoretical spectrum predicted for the candidate sequence, which is a very 

time-consuming process. To speed up the searching procedure, SEQUEST employs a 

preliminary scoring scheme to choose only the top 500 candidate peptides for final cross 

correlation. The preliminary scoring scheme evaluates the candidate peptides using 

several factors: the number of predicted fragment ions that match ions present in the 

experimental spectrum and their relative abundances, whether a contiguous ion series is 

observed, and whether immonium ions associated with His, Tyr, Trp, Met or Phe observed 

in the spectrum are consistent with the amino acid residues in the candidate peptide 

sequence.  

After the preliminary scoring, the top 500 pre-selected peptide sequences are then 

compared with the experimental tandem mass spectrometry data by cross correlation 

analysis of the similarity between these two. A theoretical spectrum is predicted based on 

the candidate sequence. Assuming each peptide bond is cleaved at the same intensity, the 

m/z values of corresponding b and y ions are calculated based on the amino acid residue 
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mass and all of their magnitudes (intensities) are assigned to 50. A magnitude of 25 is 

assigned to adjacent integer m/z values (m/z values one higher and one lower than that of 

b and y ions) to simulate an experimental Guassian peak. The intensities of ions resulting 

from neutral losses of ammonia, water and carbon monoxide (a ions) and their adjacent 

integer m/z values are assigned to 10. 

To compare the predicted fragmentation spectrum to the experimental spectrum 

with a cross correlation, the precursor ion is removed from the above pre-processed 

experimental spectrum and then the spectrum is divided into 10 equal m/z regions and 

within each region the maximum intensity of the peak is normalized to 50. An example of 

a finally normalized experimental spectrum, denoted by y[i], and predicted theoretical 

spectrum, denoted by x[i], for doubly charged YIPGTK are shown in Figure 2.5 and 

Figure 2.6, respectively.  

 

 
 

 

 

 

FIGURE 2.5. Normalized 
experimental spectrum y[i] 

 

FIGURE 2.6. Normalized 
theoretical spectrum x[i] 
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Because the theoretical spectrum x[i] and the experimental spectrum y[i] are 

discrete signals, the cross-correlation between them is calculated by the following 

formula:  

 

where τ is the offset between these two signals. If the two signals are the same, the cross-

correlation should be maximal when τ is zero. The final score (Xcorrelation score)  

attributed to each candidate peptide sequence is the value of cross-correlation function 

when τ = 0, R0, minus the mean of the function over the range of –75 < τ  < 75, Rτ.  

When this score is normalized to 1.0, it is termed as the Cn score and the difference 

between two different candidates’ Cn scores is deltaCn (∆Cn) score.  Figure 2.7 shows an 

example of a graphical output of the cross-correlation function. 

 
FIGURE 2.7. An example of graphical presentation of output of cross-correlation. 

Reproduced from reference21. 



 

 

51

 
 
 
 

Based on the published material on SEQUEST, a program simulating SEQUEST 

was written in MATLAB 6.0 under the collaboration with Dr. Joseph M. Triscari from 

Science Application International Corporation (SAIC). As mentioned above, SEQUEST 

pre-selects the top 500 candidate peptides for final cross correlation. The original purpose 

of this step in SEQUEST is to speed up the algorithm performance, which is not an 

important issue to the research presented in this chapter. Therefore, the reproduced 

SEQUEST in our lab omitted the pre-selection step and will be referred to as “SEQUEST 

Replica” from here on. 

2.2.2 How Modified SEQUEST Replica (MockSee) Works 

Another sequencing algorithm program written in MATLAB 6.0 is a modification 

of SEQUEST Replica and the major modification investigated for this thesis is that three 

rules governing the peptide fragmentation mentioned above were incorporated into the 

SEQUEST Replica algorithm to predict the selective cleavages at Xxx-Pro, Ile/Leu/Val-

Xxx and Asp/Glu-Xxx. This modified algorithm is referred to as “MockSee” from here 

on. Thus, for a given candidate sequence, the intensities predicted for all the ions in the 

theoretical spectrum will vary from the uniform cleavage pattern, which will make the 

theoretical spectrum of the correct sequence more similar in appearance to the actual 

experimental spectrum. Therefore, not only the m/z values of ions, but also the intensity 

information of ions in the theoretical spectrum, can be used for cross-correlation 

comparison with the experimental spectrum. Similarity measured by the cross-correlation 

function between the theoretical spectrum of the correct peptide and the experimental 

spectrum may be increased, which might lead to more peptides correctly identified or 
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peptides identified with higher confidence. The flow charts of these two algorithms, 

SEQUEST Replica and MockSee, are shown in Figure 2.8.  

 

 

FIGURE 2.8. Flow charts of SEQUEST Replica and MockSee 

 
 

As mentioned before, Huang and coworkers clustered 28311 spectra into five 

different clusters, according to the fragmentation patterns and characteristics shown in the 

spectra. Again, the five clusters are: 1. Xxx-Pro, where all the spectra show enhanced 

cleavages N-terminal to Pro, when the proton is mobile and Pro is present and not close 

to either terminus of peptide sequences; 2. Ile/Leu/Val-Xxx, where all the spectra show 

enhanced cleavages C-terminal to those branched aliphatic residues, when the proton is 

mobile and Pro is either not present or is close to either terminus of sequences; 3. 

Asp/Glu-Xxx, where all the spectra show enhanced cleavages C-terminal to the acidic 

residues, when the proton is localized and Asp/Glu is present and several residues away 

from the C-terminal Arg; 4. Cluster where all the spectra show abundant b and y ions and 

non-selective cleavages, when Pro and Asp/Glu are close to either terminus and Arg is 

away from the C-terminus and not too far away from the N-terminus; 5. Noise cluster, 
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which consists of the spectra that cannot be clustered into any of the four other clusters. 

Of all the dataset, around 29% of peptides fall into the Xxx-Pro cluster, 30% into 

Ile/Leu/Val-Xxx cluster, 22% into Asp/Glu-Xxx cluster, 17% into the cluster with strong 

b and y ion cleavages and 2% into the noise cluster. 

The enhanced cleavages present within three clusters, the Xxx-Pro cluster, 

Ile/Leu/Val-Xxx cluster and Asp/Glu-Xxx cluster, make three rules available to predict 

the enhanced intensity of peaks resulting from selective cleavages of peptides within each 

cluster, i.e., P rule, I/L/V rule and D/E rule. Figure 2.9 assigns peptides possibly to one of 

these clusters, and lists the corresponding chemical motifs. Table 2.1 defines some terms 

used in Figure 2.9. All these are from the research results of the former Wysocki group 

member, Yingying Huang, and coworkers.68 In MockSee, the appropriate rules are 

applied to predict the theoretical spectra if peptides fall into one of the clusters. Cleavage 

sites are determined following the procedure in Figure 2.9 and then the intensities of 

cleavages at those sites are determined by a trial and error method. The intensities that 

result in the highest successful peptide identification rate (the rate of assigning the correct 

peptide sequence to the right spectrum) will be used. For example, for a peptide sequence 

containing a Pro, if this peptide and Pro meets any of the four conditions shown in Figure 

2.9, the intensity of the cleavage N-terminal to this Pro would be increased. According to 

the results obtained, 3 fold increase for the cleavage N-terminal to Pro and 1-3 fold 

increase for the cleavage C-terminal to Asp/Glu and 1 fold increase for the C-terminal to 

Ile/Leu/Val is the best.  Except for this, MockSee works exactly the same as SEQUEST 

Replica. 
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Xxx-Pro Cluster: 
29% of 28311 peptides

Condition: 
Mob_H+ ≥1 
0.2≤Pos_P<0.84 
Length≥14 

Condition: 
Mob_H+ ≥1 
0.2≤Pos_P<0.65
Length≤13

Condition: 
Mob_H+ =0.5 
0.2≤Pos_P<0.73
DisR_C≤3

Condition: 
Number Of R<Z 
Mob_H+ ≤0 
Pos_R≥0.38 
Pos_P>0.23 
DisP N≤13 

~ 5000 peptides ~ 2000 peptides ~ 400 peptides 

Structural Motif: 
[…P…R/K]2+ 
[…H/K…P… 
R/K]3+ 

Structural Motif:
[…P…R/K]2+ 
[…H/K…P…R/
K]3+ 

Structural Motif:
[…P…K]+ 
[…H…P…R]2+ 
[…K…P…R]2+

Structural Motif: 
[…K/H…P…K/H…R]2+ 

Ile/Leu/Val-Xxx:  
30% of 28311 peptides

Condition: 
Mob_H+ ≥0.5 
Pos_P<0.2 
Z=2; DisR_C≤4 

Structural Motif: 
[(X)0-2(P)…(K/H)…R(X)0-4]2+ 
[(X)0-2(P)…R(X)0-2K]2+ 

~ 6000 peptides 

Condition: 
Mob_H+ ≥0.5 
Pos_P<0.2 
Z=1; DisT_N≥1.75 

Structural Motif: 
[(X)0-2(P)…T…(K)]+ 

~ 400 peptides 

Structural Motif: 
[……P(X)0-3]+ 
[……P(X)0-3(R/K)]2+ 

[…(H/K/R)…P(X)0-3(R/K)]3+ 

Structural Motif: 
[……P(X)0-3]+ 

~ 600 peptides 

Condition: 
Mob_H+ ≥1 

Pos_P≥0.65 

Condition: 
Mob_H+ ≥1 
Pos_P≥0.84; Length≥14 
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FIGURE 2.9. Flowcharts of cluster assignment and corresponding structure motifs 

 
 
 
 
 
 

 

Asp/Glu-Xxx: 
22% of 28311 peptides

Condition: 
Number of R≥Z 
DisD_C≥2 
DisR_C=0 
 

Structural Motif: 
[……D(X) ≥1R]+ 
[…R…D(X) ≥1R]2+ 

~ 1000 peptides 

Condition: 
Number of R≥Z 
DisD_C≤1 
DisR_C=0 
DisE_C≥4 

Structural Motif: 
[……E(X) ≥3(D)R]+ 
[…R…E(X) ≥3(D)R]2+

~ 400 peptides 

Condition: 
Mob_H+ ≥0.5 
Pos_P<0.2 
Z=1 
DisD_C≥4 

Structural Motif: 
[(X)0-2(P)…D(X)0-3K]+ 
 

~ 700 peptides 

Condition: 
Number of R≥Z 
DisR_C≥1 
DisR_N≥12 

Condition: 
Number of R≥Z 
DisR_C≥1, DisR_N≤11 
Length≥14

Structural Motif: 
[(X) mR(X)n]+ 
[(X) mR(X)nR]+ 

[(X) mR(X)nR]2+ 

m≥12 and 3≥n≥1 or m+n≥13 

~ 800 peptides 

Structural Motif: 
[(X) mR(X)n]+ 
[(X) mR(X)nR]+ 

[(X) mR(X)nR]2+ 

m≥12 and 3≥n≥1 or m+n≥13 
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TABLE 2.1. Definitions used in Figure 2.9 

Z Charge state of peptides 

Mob_H+ Z – (number of Arg) – 0.5* (number of Lys + number of His) 

Length Total number of residues in a peptide sequence 

X Represent any of the 20 amino acid residues 

DisX_N Distance (as the number of residues) of residue X to the N-terminus 

of a peptide. For example, in ADEPAR, DisP_N=3 

DisX_C Distance (as the number of residues) of residue X to the C-terminus 

of a peptide. For example, in ADEPAR, DisP_C=2 

Pos_X Relative position of residue X in a peptide sequence, defined as [(the 

residue position of X-1)/(length of the sequence-1)]. For example, in 

ADEPAR, Pos_P=(4-1)/(6-1)=0.6 

Subscripted number Represent possible number of that residue 

Parenthesis Residue inside the parenthesis can either be present or not 

 

2.2.3 Performance comparisons between SEQUEST Replica and MockSee  

Tests were first performed on peptides from each sub-cluster. A sub-cluster is a 

small part of a cluster and it is composed of peptides that are very representative and 

definitive for each cluster. Around 5% of the spectra are randomly picked from each sub-

cluster. The database searched against contains 8000 proteins from the proteome of two 

organisms of Shewanella oneidensis and Deinococcus Radiodurans. With SEQUEST 

Replica, no intensity rule is used to predict the theoretical spectra. With the MockSee 
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algorithm, a specific rule is applied to a specific sub-cluster, i.e. P rule for peptides from 

the Pro-Xxx sub-cluster, and D/E rule for peptides from the Asp/Glu-Xxx sub-cluster, to 

predict the theoretical spectra of peptide sequence candidates. The success rate for these 

two algorithms, which is the ratio of the number of spectra assigned with correct peptide 

sequences to the total number of spectra, is then compared. As mentioned above, 

SEQUEST divides the experimental spectrum into 10 bins and normalizes the intensity of 

the highest peak in each bin to 50. Intuitively, the number of bins will affect the 

algorithm performance and the peptide identification ability. Figure 2.10 and 2.11 show 

the performance of both algorithms on peptides from two sub-clusters as a function of the 

number of bins.  
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FIGURE 2.10. Performance comparisons between SEQUEST Replica and MockSee on 

5% of peptides in Pro-Xxx sub-cluster 



 

 

58

 
 
 
 

 

50

55

60

65

70

75

80

85

90

95

100

1 5 10
Number of Bins

Su
cc

es
s R

at
e

SEQUEST Replica

MockSee

 

FIGURE 2.11. Performance comparisons between SEQUEST Replica and MockSee on 

6% of peptides in Asp/Glu-Xxx sub-cluster 

 

Figure 2.10 and 2.11 show that when the bin number is 1, MockSee works better 

than SEQUEST for peptides with selective cleavages. When the bin number increases, 

the success rates from both algorithms increase, but the difference between these two 

reduces. The results are reasonable. When the bin number equals 1, the experimental 

spectrum used to cross correlate with the theoretical spectrum retains the original profile, 

i.e., the selective cleavages are still intact if there are any. Thus the similarity between the 

experimental spectrum and theoretical spectrum would be increased, if such selective 
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cleavages could be predicted in the theoretical spectrum by MockSee. When the bin 

number increases, the experimental spectrum is divided into increasing number of bins in 

the pre-processing step and within each bin the peak intensities are normalized locally, 

i.e., the intensity profile of the experimental spectrum is changed. As a result, the effect 

of selective cleavages on the whole experimental spectrum is diminished, as shown in 

Figure 2.5, which means that the similarity between the processed experimental spectrum 

and theoretical spectrum predicted by MockSee will not be increased by much. In other 

words, the more bins, the less effective is the use of rules to predict the theoretical 

spectrum by MockSee. Also when the bin number is 1, the experimental spectrum is the 

least similar in appearance with the theoretical spectrum that has all the b and y ions at 

the same intensity of 50. This is the reason why the success rates for SEQUST Replica 

and MockSee are lowest with a bin number of 1.  

Besides test performed on this PNNL dataset, final tests were performed on 

additional datasets. One is the Lori Smith dataset acquired from single protein digest runs 

on the LCQ ion trap with 119 spectra searched by SEQUEST and manually validated. 

The second one is a University of Colorado dataset (UC dataset) that is composed of 520 

unique LCQ ion-trap peptide spectra of known sequence from human erythroleukemia 

K562 cell line. The third one is an Institute of System Biology dataset (ISB dataset) that 

is composed of 310 unique LCQ ion-trap peptide spectra of known sequence from a 

control mixture of 18 purified proteins. With SEQUEST Replica, no rule is used to 

predict the theoretical spectra. With MockSee, the P rule is used to predict theoretical 

spectra for candidate peptides whose characteristics match sequences in the Pro-Xxx 
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cluster and the D rule is used to predict theoretical spectra for candidate peptides whose 

characteristics match sequences in the Asp/Glu-Xxx cluster. 

Figure 2.12 shows that with a bin number of 10, which is used in commercial 

SEQUEST, MockSee works a little better than SEQUEST Replica, but the performance 

difference between them is not large, which agrees well with the above explanation: the 

effect of the bin number overrides that of the rules.  

For the UC dataset and ISB dataset, the databases searched against are human 

protein databases, in which the number of protein is 20 times of that of proteins contained 

in the database used for the PNNL bacterial dataset searching. As the size of the database 

goes up, the number of candidate sequences for each experimental spectrum goes up and 

it is more difficult to assign the correct peptide to the spectrum and thus the success rate 

decreases.  

 



 

 

61

 
 
 
 

70

75

80

85

90

95

100

PNNL Dataset Lori Smith Dataset UC Dataset ISB Dataset

Su
cc

es
s R

at
e

SEQUEST Replica

MockSee

 

FIGURE 2.12. Performance comparisons between SEQUEST Replica and MockSee on 

four datasets with bin number of ten 

2.2.4 Conclusions 

When the bin number equals 1, P and D rules work better for specific sub-clusters, 

which means incorporating intensity information does make a difference when spectra 

show selective cleavages. When the number of bins goes up, the effect of rules goes 

down and the performance of these two get closer, even for spectra with selective 

cleavages, which indicates that the effect of number of bins in SEQUEST is greater than 

that of selective cleavage rules as implemented.  

From the SEQUEST and MockSee study, it can be concluded that the SEQUEST 

algorithm benefits from the pre-processing of the experimental spectrum, which divides 



 

 

62

 
 
 
 

the spectrum into 10 bins with the peak intensities normalized locally within each bin. In 

this way, it changes the intensity profile of the experimental spectrum instead of directly 

predicting the intensities of theoretical b and y ions, the two most important sequence ion 

types in a spectrum. Thus, SEQUEST works reasonably well even if it predicts the 

intensities of all theoretical b and y ions as the same fixed number. In addition, in this 

way it reduces the effect of selective cleavages seen frequently in experimental spectra 

only to a local bin and makes SEQUEST work reasonably well even for spectra with 

selective cleavages. In a later section of this chapter, it is seen that SEQUEST identifies 

peptides almost uniformly from each cluster. 

2.3 X!Tandem and MockTandem 

X!Tandem32, 33 (http://www.proteome.ca/x-bang/tandem/tandem.html) is an open-

source database searching algorithm that has been optimized for speed.31 The C++ source 

for X!Tandem is publicly available and with a free software license, researchers can 

make modifications according to their own requirements.  

2.3.1 How X!Tandem works 

From the algorithm design point of view, X!Tandem works like a one bin 

SEQUEST version and like SEQUEST, it is also one of the heuristic algorithms, which 

correlate the experimental spectrum with a theoretically predicted spectrum and calculate 

a score based on the similarity between these two spectra. In X!Tandem, the ions 

considered in the theoretical spectrum include a, b, y ions and their corresponding –17 

and -18 neutral loss products. The intensities of all the peaks could be predicted as all the 
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same, or intensities of some peaks associated with some special amino acids could be 

enhanced with the knowledge of fragmentation patterns of particular amino acid residues. 

The whole experimental spectrum is then correlated with the predicted theoretical 

spectrum using a dot product method. The resulting score, the “hyperscore”, represents 

the similarity between the two spectra. In X!Tandem, the distribution of the hyperscores 

of all peptide candidates for each unknown spectrum is constructed “on-the-fly” and used 

to calculate the expectation value, representing the confidence of the peptide 

identification. Several scoring schemes are available to correlate the experimental and 

theoretical spectra, and the first one is as follow: 

 

where Ii is a vector containing intensities of observed fragment ions in the experimental 

spectrum. If no ion is observed at a certain mass, then its value is set as 0. Pi is a vector 

containing predicted intensities of theoretical ions based on the candidate peptide 

sequence. If no selective cleavage is considered, all are set as 1. If no ion is predicted at a 

certain mass, then its value is set as 0.  The other scoring scheme proved to work better is 

a modification of the first one:  

 

where nb or ny is the number of predicted theoretical b or y ions present in the 

experimental spectrum, respectively. 
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Based on the published material on X!Tandem, a program simulating X!Tandem 

was written in MATLAB 6.0 in our lab. The simulated X!Tandem will be referred to as 

“X!Tandem Replica” from here on. 

2.3.2 How modified X!Tandem Replica (MockTandem) works 

The way that selective cleavages are included in the open-source X!Tandem 

version is very simple. Factors such as charge states and locations of some particular 

amino acid residues that affect peptide fragmentations are not considered in X!Tandem.  

Another sequencing algorithm written in MATLAB 6.0 for the research of this thesis is a 

modification of X!Tandem Replica and in this modified version, more complex rules 

governing fragmentation patterns developed in our lab based on research results shown in 

Figure 2.9 are applied to predict the theoretical spectrum, which then will be correlated 

with the experimental spectrum, as in MockSee. From here on, the modified X!Tandem 

Replica will be referred to as “MockTandem”.  

2.3.3 Results from open source X!Tandem with/without rule  

First, to see how the rules applied in open source X!Tandem work, spectra from 

the PNNL dataset in three clusters, Xxx-Pro, Ile/Leu/Val-Xxx and Asp/Glu-Xxx clusters, 

and the whole set of spectra are run on X!Tandem downloaded from the website 

mentioned in Section 2.3. Results are shown in Figure 2.13.  
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FIGURE 2.13. Performance comparisons between X!Tandem and rule-based X!Tandem 

 

Results show that there is no big difference between X!Tandem with and without 

simple rules applied, i.e., with the simplest rules included in X!Tandem, the performance 

does not improve too much. Therefore, there is potential to use comprehensive selective 

cleavage rules to improve the performance of open source X!Tandem. 

2.3.4 Performance comparisons between X!Tandem Replica and MockTandem 

In X!Tandem Replica and MockTandem, the two scoring schemes mentioned 

above are both implemented. Figure 2.14 shows the performance comparison when using 

a simple dot product as the scoring scheme to measure the similarity of the experimental 

and theoretical spectra: 
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FIGURE 2.14. Performance comparisons between X!Tandem Replica and MockTandem 

with scoring scheme #1 

 

Figure 2.15 shows the performance comparison when the second scoring system 

is used, where two additional terms account for the factorial of the number of b ions 

found in the experimental spectrum and that of the number of y ions found: 
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FIGURE 2.15. Performance comparisons between X!Tandem Replica and MockTandem 

with scoring scheme #2 

 
As can be seen from Figure 2.14, MockTandem works better than the X!Tandem 

replica when scheme #1 is used. When selective rules are applied, the performance 

improves most for the X-P cluster, then the D/E-X cluster and finally the I/L/V-X cluster. 

This order also matches with the order of the extent of cleavage selectivity within the 

clusters, which again indicates that incorporating the intensity information does make 

differences in terms of identifying more correct peptide sequences, especially when the 

experimental spectra show more selective cleavages. For the spectra from the I/L/V-X 

cluster, they do not show cleavages as selective as those from the X-P and D/E-X clusters. 
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As a result, using the I/L/V-X rule to predict the theoretical spectrum is not as effective 

as for the other two rules.  

When Scheme #2 is used, however, success rates of both X!Tandem Replica and 

MockTandem increase significantly, but the difference between the two gets smaller. 

These results are understandable because in Scheme #2, the factorials of the numbers of b 

and y ions are large numbers and they dominate in the scoring scheme. Thus, in this 

scoring scheme the effect of applying selective rules is much less than that of these two 

terms.  Because the scoring scheme currently used in the open source X!Tandem is the 

second scheme, incorporating the rules into this public searching algorithm will not help 

too much, as can be deduced from results in Figure 2.15.  

To make a full use of the intensity information, scoring scheme #3 is developed:  

 

where B is the total intensity of theoretical b and y ions recognized by the candidate 

sequence in the experimental spectrum, and T is the total intensity of all ions remaining in 

the pre-processed experimental spectrum. In this scheme, the B/T term accounts for the 

peak intensity percentage of b and y ions in a spectrum that could be interpreted by a 

current peptide candidate. Figure 2.16 shows the results from this scoring scheme 

between X!Tandem Replica and MockTandem. 
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FIGURE 2.16. Performance comparisons between X!Tandem Replica and MockTandem 

with scoring scheme #3 

 
As can be seen, in this scoring scheme, MockTandem works better than 

X!Tandem replica, but the success rates are not as high as those from Scheme #2. It can 

be concluded that incorporating the number of potential peaks found in the experimental 

spectrum in the context of current sequence candidate is a feasible method in peptide 

sequencing.  

In summary, using rules to predict the theoretical spectrum does improve the 

success rates in MockTandem over X!Tandem Replica when the scoring scheme is either 

#1 or #3. But in the open source X!Tandem the scoring scheme employed is scheme #2, 

where two terms accounting for the numbers of b and y ions are dominant and 
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consequently the effect of selective rules is reduced, i.e., the effect of factorial terms 

override that of chemical rules.    

2.4 Conclusions 

• Selective cleavage rules help to improve peptide identification when spectra show 

selective cleavages; 

• Both SEQUEST and X!Tandem benefit from reducing the effect of selective 

cleavages either by processing and modifying the experimental spectrum 

(SEQUEST) or by using a particular scoring scheme (X!Tandem). 

2.5 Use of intensity information in MS spectra for secondary filtering after 

SEQUEST search 

Developed in 1994, SEQUEST is one of the most popular database search 

algorithms for protein identification. Because it does not make full use of intensity 

information of peaks in spectra, efforts have been made to model theoretical spectrum 

prediction using a machine-learning approach with an aim of improving spectral 

identification with a higher confidence or improving the number of identifications using a 

better scoring scheme.85,99 Factors such as the intensity of peaks in MS spectra have been 

taken into consideration by several algorithms, such as ProID100 and MASPIC101, and 

intensive research is being actively conducted in this direction.  Intensity information in 

MS/MS spectra could be fully exploited to improve either the number of identifications 

or more confident assignment of spectra.  
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 After a SEQUEST search based on a tandem mass spectrum, SEQUEST lists ten 

top candidate sequences for this spectrum, with the top candidate having the highest 

Xcorrelation score.  Practically, the top candidate sequence is assigned to the spectrum as 

the true peptide sequence only if it passes some filtering criteria.  Although different 

criteria for filtering the search results have been proposed in the scientific field to 

distinguish between true and false peptide identifications, the filtering criteria proposed 

by Dr. John Yates are widely used and listed in Table 2.2102-105. Obviously, in this 

situation, a peptide can be identified only if the top candidate’s Xcorrelation score and 

deltaCn score pass the specific values, which will cause many spectra to be unidentifiable 

because the assignments are not confident enough, even if the top candidate is the true 

peptide. Peak intensity and enhanced cleavage at specific amino acid residues could be 

used as a supplementary tool to extract more peptides with an increased confidence, 

while minimizing false positive identifications.  

 

TABLE 2.2. Criteria used to filter SEQUEST searching results 

Charge Xcorrelation Score ∆Cn Score 

Singly >=1.8 >=0.08 

Doubly >=2.5 >=0.08 

Triply >=3.5 >=0.08 
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2.5.1 How interpreted intensity percentage works 
 
 Even if a candidate sequence does not pass the specific Xcorrelation / ∆Cn score, 

it can be assigned to a spectrum by SEQUEST, which mainly makes use of mass 

information of precursor and fragment ions. If this sequence is also assigned to the same 

spectra by a supplementary scoring scheme, which takes advantage of peak intensity 

information, then the confidence of this assignment will be increased from the original 

one dimensional confidence to two dimensional matching. The detailed idea is as follows: 

If the top candidate in the ten- candidate list doesn’t pass the filtering criteria, but it is 

also ranked 1st by a supplementary scoring scheme making use of the peak intensity, then 

this candidate will be picked out and assigned to the spectrum as the true peptide. The 

flowchart using two pseudo-concurrent scoring schemes for peptide identification is 

shown in Figure 2.17. The supplementary scoring scheme used is the interpreted intensity 

percentage scheme: 

Interpreted intensity percentage = (∑Relative Intensity of Recognized Ion Peaks / 

∑Intensity of All Ion Peaks)    
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FIGURE 2.17. Flowchart using two concurrent scoring schemes for peptide identification 

 
Basically, the interpreted intensity percentage scheme looks at the intensity of 

peaks that can be recognized in the context of a candidate sequence in an experimental 

spectrum, i.e., the total peak intensity in an experimental spectrum that could be 

interpreted by the current candidate sequence. In detail, with an experimental spectrum 

and a candidate sequence, if any peak in the spectrum could be assigned as a b, y, or y-

NH3 ion peak, etc, within a pre-defined mass error, then this peak is counted as a 

Top candidate ranked 1st by SEQUEST 

Pass Criteria?

Yes No

Ranked 1st by intensity 
percentage? 

Yes No 

True peptide 

True peptide Filtered out, spectrum 
not identified 
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“recognized ion peak”. The interpreted intensity percentage is the ratio of total intensity 

of all the recognized ion peaks to total intensity of all the ion peaks left in the spectrum 

after pre-processing. As shown in Figure 2.18, some peaks in the spectrum could be 

assigned as b3, b4, y3, y4, etc, while others cannot be recognized by the current candidate 

sequence. Therefore, the interpreted intensity percentage is the ratio of sum of intensity 

of b3, b4, y3, y4, b6, y5, and y6 to the sum of intensity of all peaks present in this spectrum. 

The ion types considered here include a, b, b-H2O y, y++, y-NH3, y-H2O. 

 

 

 

 

 

 

 

FIGURE 2.18. A spectrum with some peaks recognized by a candidate sequence 

2.5.2 Test results using the interpreted intensity percentage as a supplementary tool 

after SEQUEST search 

As mentioned in Chapter 1, the PNNL dataset takes advantage of information 

from two different mass spectrometers and the retention time information. Although the 

peptide identification still depends on a SEQUEST search, it eliminates using high cutoff 
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scores filtering criteria. If Yates’ criteria were directly applied, there would be fewer 

peptides identified. Of 28311 spectra, if filtering criteria in Table 2.2 are applied, 22446 

spectra can pass criteria and be identified with high confidence, 5471 spectra with the 

correct peptide are ranked 1st by SEQUEST (TurboSEQUEST V.27 (rev.11)), but the 

scores are not high enough to pass the criteria, 386 spectra with the correct peptide are 

ranked between 2nd to 10th by SEQUEST, while 8 spectra do not have correct peptides in 

the top 10 candidate list, as shown in Figure 2.19.  

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 2.19. Usage of PNNL dataset for testing of supplementary scheme 

 

28311 spectra 

22446 spectra: truth ranked 
1st; scores pass criteria: 
Identified by SEQUEST 

5471 spectra: truth ranked 
1st; scores fail criteria: 
Excluded by SEQUEST 

386 spectra: truth ranked 
from 2nd ~ 10th: Excluded 
by SEQUEST 

8 spectra: truth not 
in the candidate list 

For preliminary test 

For real test For false positive test 
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For this approach to work there should be overlaps between peptides identified by 

SEQUEST and those identified by interpreted intensity percentage scoring scheme. Thus, 

the set of 22446 spectra is used for preliminary testing of this approach to see how big the 

overlap is, as shown in Figure 2.19. After validating the scoring scheme, the set of 5471 

spectra is what we focus on and we want to extract as many peptides as possible from this 

set, while the set of 386 spectra is used for false positive test since the correct peptide is 

not ranked 1st. If a peptide from this set is ranked 1st by SEQUEST and is also ranked 1st 

by interpreted intensity percentage in this set, then this peptide will be returned as a false 

positive. The smaller the number of peptides ranked 1st by both schemes in the 386 

spectra, the fewer false positives and the better algorithm performance.  

Of 22446 spectra, 17734 peptides ranked 1st by SEQUEST are also ranked 1st by 

interpreted intensity, which indicates the feasibility of this idea. Of 5471 spectra, 2951 

peptides are ranked 1st by both SEQUEST and interpreted intensity. These are the 

additional correct identifications that can be returned when the interpreted intensity 

percentage supplementary scheme is used after a SEQUEST search. Of 386 spectra, 77 

peptides are ranked by both SEQUEST and interpreted intensity, which are additional 

false positives introduced in the mean time. Therefore, for 5857 (5471+386) peptides, 

2951 more peptides can be identified correctly, while introducing 77 false positives. To 

decrease the false positive rate, some criteria could be applied to either or both schemes. 

For example, for the interpreted intensity percentage scheme, if the intensity percentage 

is required to be greater than 30% and percentage difference between the 1st and 2nd 

ranked candidates is required to be greater than 5%, then 1264 additional peptides could 
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be identified with only 16 false positives introduced among these 5857 peptides.  Similar 

tests were performed on the other two datasets, the UC dataset and the ISB dataset.  The 

test results are summarized in Table 2.3. For the UC dataset, 36 additional peptides could 

be extracted if the interpreted intensity percentage scheme is applied after a SEQUEST 

search, while introducing 2 false positives. For the ISB dataset, 66 additional peptides 

could be identified and no false positive is introduced. The preliminary test again is used 

to test the overlapping between peptides identified by SEQUEST and peptides identified 

by interpreted intensity percentage scoring scheme, on the dataset of peptides that pass 

the filtering criteria. The extra truth shows the number of additional peptides that can be 

identified by applying the interpreted intensity percentage scoring scheme after a 

SEQUEST search. The false positive row shows the number of additional peptides that 

are not correctly identified by applying the interpreted intensity percentage scoring 

scheme after a SEQUEST search. 

TABLE 2.3. Test results on UC dataset and ISB dataset using both SEQUEST and 

intensity percentage schemes 

UC Dataset ISB dataset  
Spectra 

tested on 
Peptides ranked 1st 
by both schemes 

Spectra 
tested on 

Peptides ranked 1st 
by both schemes 

Preliminary test 242 194 132 94 
Extra Truth 53 36 119 66 

False Positive 40 2 4 0 
 

 Different amino acid sequences lead to different fragmentation patterns. The 

enhanced cleavage information in a spectrum is very specific to an amino acid sequence 

and this information can be used to identify more peptides or identify peptides with 
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higher confidence. Based on the above promising results, selective cleavage information 

about peptide fragmentation is included in the interpreted intensity percentage scheme in 

the following way. On the basis of the decision conditions mentioned in Section 2.2.2, 

masses corresponding to enhanced cleavage at Xxx-Pro and Asp/Glu-Xxx are predicted 

within a candidate sequence and they are compared with masses corresponding to intense 

peaks in the experimental spectrum. The top four peaks in an experimental spectrum are 

chosen for comparison. If fewer than four peaks are chosen, there’s not enough 

information to distinguish the selective cleavage patterns of two spectra, but if too many 

peaks are chosen, the information is not selective or distinctive enough any more. The 

number of masses both in the predicted mass list and in the experimental mass list 

corresponding to enhanced cleavage, n, is recorded. And the new supplementary scoring 

scheme is:  

Interpreted intensity percentage = n! * (∑Relative Intensity of Recognized Ion Peaks / 

∑Intensity of All Ion Peaks)    

The test results on the PNNL dataset using the original and new schemes 

(without/with enhanced cleavage information incorporated) are summarized in Table 2.4. 

TABLE 2.4. Test results comparison on PNNL dataset using SEQUEST with two 

intensity percentage schemes 

Interpreted intensity percentage Interpreted intensity percentage 
plus enhanced cleavage 

 

Spectra 
tested on 

Peptides ranked 1st 
by both schemes 

Spectra 
tested on 

Peptides ranked 1st 
by both schemes 

Preliminary test 22446 17734 22446 18052 
Extra Truth 5471 2951 5471 3057 

False Positive 386 77 386 73 
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As can be seen from all the above results, using the supplementary intensity 

percentage scheme after a SEQUEST search will identify more peptides that would 

otherwise be filtered by SEQUEST, while introducing false positives in a tolerable range 

(5%). More identified peptides allows either more proteins to be inferred or proteins to be 

identified with a higher confidence. When enhanced cleavage information is incorporated 

into the interpreted intensity percentage scheme, more peptides are identified and fewer 

false positives are introduced, but the difference is not that great. It’s understandable 

since the interpreted intensity percentage scheme already uses the intensity information 

of selective peaks, if there are any in an experimental spectrum, assuming these intense 

peaks are recognizable by the candidate peptide. 

2.5.3 Conclusions 
 

• Using high cutoff scores, SEQUEST filtered out some candidate sequences that 

are actually true peptides. By applying an interpreted intensity percentage scheme 

after a SEQUEST search as a supplementary tool, more peptides can be identified 

with high confidence and with few false positives introduced. 

• Development of an algorithm that uses both mass and intensity information in 

MS/MS spectra is a promising method to improve the peptide sequencing 

performance. 
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2.6 Characterization study of peptides identified/missed by SEQUEST and 

X!Tandem 

Many different search algorithms are used for high throughput peptide/protein 

identifications in MS-based proteomics. Different search algorithms identify different 

spectra, although the number of spectra identified is quite close.106 It is useful to assess 

the strengths and weaknesses of different algorithms and to investigate the characteristics 

of spectra identified by different algorithms so that methods to improve current 

algorithms might be found.  

Peptides identified/unidentified by SEQUEST and X!Tandem were studied in 

terms of the charge they carry, peptide sequence length, and amino acid residue 

composition. The dataset used is the PNNL dataset. For the SEQUEST study, the result 

files from a SEQUEST search (.out file) for 28311 peptides were scanned and Yates’ 

criteria (Table 2.2) were applied to filter spectra. A total of 22446 peptides out of 28311 

were identified.  

For the X!Tandem study, 28311 MS/MS spectra were run on the open source 

X!Tandem search engine downloaded from http://www.proteome.ca/x-

bang/tandem/download/download_linux_tandem.html and an expectation value of 0.1 

was used. 17297 peptides out of 28311 were identified.  
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FIGURE 2.20. Peptides correctly identified by SEQUEST and X!Tandem, and the 

overlap between them (percentage of 28311 peptides identified) 

 

As can be seen from Figure 2.20, SEQUEST identified 18% more peptides than 

X!Tandem, and the overlap between them is large. To study the characteristics of 

peptides missed/identified by either of them, peptides are studied for the charges they 

carry, the sequence lengths, and the clusters to which they are assigned.  

2.6.1 Charge distribution analysis 

To study if the algorithm is prone to identify peptide precursor ions with a 

particular charge, charges of the precursor ions of peptides identified and missed by 

SEQUEST and by X!Tandem are analyzed. The original charge distribution of 28311 

peptides is used as a reference. Figure 2.21 shows the charge distribution of peptides 

identified and missed by SEQUEST and by X!Tandem, respectively. 
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FIGURE 2.21. Charge percentage composition of peptides (un)identified by SEQUEST 

 and by X!Tandem 

 

As can be seen from Figure 2.21, the percentage of singly charged peptides 

identified by SEQUEST, 27.30%, is higher than the percentage of singly charged 

peptides in the original 28311 spectra, while the percentage of triply charged peptides 

identified is lower than that in the original dataset. Compared with results from 

SEQUEST, results from X!Tandem are reversed: the percentage of triply charged 

peptides identified is higher than that in the dataset, while the percentage of singly 

charged peptides identified is lower. Thus, between these two search algorithms, 

SEQUEST is better at identifying singly charged peptides, while X!Tandem is stronger at 

(22446 total) (5865 total) (17297 total) (11014 total) 
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identifying triply charged peptides. The percentage of peptides missed by SEQUEST or 

X!Tandem again confirms this observation.  

As shown in Figure 2.22, in the original 28311 spectra, the ratio of the number of 

singly charged peptides to doubly charged peptides is 0.406, while the ratio of doubly 

charged peptides to triply charged peptides is 5.06. From the spectra identified by 

SEQUEST, the ratio of singly charged peptides to doubly charged peptides is higher than 

that in the 28311 spectra, which means that SEQUEST is more likely to identify singly 

charged peptides, compared with doubly charged peptides. The ratio of doubly charged 

peptides to triply charged peptides higher than that in the 28311 spectra means that 

SEQUEST is more likely to identify doubly charged peptides, compared with triply 

charged peptides. For X!Tandem, this is not the case. Ratios in the “peptides identified by 

Tandem” indicate that X!Tandem is prone to identify triply charged peptides over doubly 

charged peptides, and prone to identify doubly charged peptides over singly charged 

peptides. The conclusion can be reached that SEQUEST is prone to identify the peptides 

in the order of: singly charged peptides > doubly charged peptides > triply charged 

peptides, while X!Tandem is prone to identify the peptides in the order of triply charged 

peptides > doubly charged peptides > singly charged peptides.  
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FIGURE 2.22. Ratio of number of different charged peptides 

 

2.6.2 Length distribution analysis 

To study if an algorithm is prone to identify peptide sequences within a specific 

length range, the number of amino acid residues in peptides identified and missed by 

SEQUEST and by X!Tandem is analyzed. The lengths of all 28311 peptide sequences are 

assigned to the following four categories: sequences with less than 7 residues, sequences 

with 7 to 15 residues, sequences with 16 to 30 residues and sequences with more than 30 

residues. Again, the length distribution of 28311 peptides is used as a reference. Figure 

2.23 shows the length distributions of peptides identified by SEQUEST and by 

X!Tandem, respectively.  
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FIGURE 2.23 Length distribution of peptides identified by SEQUEST and by X!Tandem 

 

As can be seen from Figure 2.23, between SEQUEST and X!Tandem, neither 

seems to have a strong tendency of identifying peptides of a certain length, and neither of 

them are good at identifying short peptides with fewer than 7 residues. There are several 

reasons why short peptides are easily missed. First, the masses of fragment ions of those 

short peptides may be beyond the mass detection limit of the mass analyzer (ion trap) due 

to its intrinsic mass cutoff problem. Second, short peptides produce few fragments under 

low energy collision that makes search algorithms difficult to identify them correctly, 

since multiple fragment ion masses are indispensable information for the algorithms to 

identify peptide sequences.  
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2.6.3 Cluster distribution analysis 

To study if different amino acid residue composition and location in a peptide 

sequence affect algorithms’ performance, cluster distribution of peptides identified and 

missed by SEQUEST and by X!Tandem is analyzed. Each peptide is assigned to a unique 

cluster depending on charges the precursor ions of peptides carry and compositions and 

locations of the amino acid residues as described before. Figure 2.24A and B shows the 

cluster composition of peptides identified by SEQUEST and by X!Tandem respectively, 

with normalization against the number of peptides within each cluster, calculated as the 

ratio of number of peptides identified within each cluster to the total number of peptides 

within each cluster.  

 

As can be seen from these two diagrams, SEQUEST identifies peptides almost 

uniformly from each cluster, only a little better for the I/L/V-X cluster and the cluster 

with strong b and y cleavages, while X!Tandem works much better for the I/L/V-X 

FIGURE 2.24B. Cluster composition of 
peptides identified by X!Tandem with 
normalization against number of 
peptides within each cluster 

 

FIGURE 2.24A. Cluster composition of 
peptides identified by SEQUEST with 
normalization against number of 
peptides within each cluster 
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cluster and the X-P cluster, of all the five clusters. This observation agrees with the one 

seen before that X!Tandem works better for triply and doubly charged peptides, since 

peptides in cluster I/L/V-X cluster and X-P cluster have mobile protons and normally are 

highly charged. The percentages identified for peptides from the D/E-X cluster and the 

cluster with strong b and y cleavages by SEQUEST is not as low as those by X!Tandem. 

In this respect, compared to X!Tandem, SEQUEST behaves better at identifying peptides 

from these two clusters. 

Figure 2.25 and 2.26 confirm that compared with X!Tandem, SEQUEST works 

relatively better for the D/E-X cluster and the cluster with strong b and y ion cleavages, 

while X!Tandem works relatively better for the I/L/V-X cluster and the X-P cluster. As 

shown in Figure 2.26, more peptides identified only by SEQUEST are in the D/E-X 

cluster and the cluster with strong b and y ion cleavages, fewer in the I/L/V-X cluster and 

X-P cluster, while more peptides identified only by X!Tandem are in the I/L/V-X cluster 

and X-P cluster, fewer in the D/E-X cluster and the cluster with strong b and y ion 

cleavages.  
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FIGURE 2.25. Cluster percentage composition of original dataset, peptides identified by  

SEQUEST and by X!Tandem 
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FIGURE 2.26. Cluster percentage composition of original dataset, peptides identified by 

 SEQUEST only and by X!Tandem only 



 

 

89

 
 
 
 

2.6.4 Characterization study of peptides missed by both SEQUEST and X!Tandem 

It is interesting to study the peptides missed by both SEQUEST and X!Tandem. 

Figure 2.27 shows that among all the peptides, triply charged peptides are the easiest to 

miss by both these two algorithms, while singly charged ones are least likely. It is 

reasonable to see short peptides with fewer than 7 residues are very difficult to identify 

by either algorithm as shown in Figure 2.28, and for the reasons are discussed above. 
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FIGURE 2.27. Charge percentage composition of peptides unidentified by both 

 SEQUEST and X!Tandem 
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FIGURE 2.28. Length distribution of peptides unidentified by both SEQUEST and 

 X!Tandem 

 

Figure 2.29 shows that of all the four clusters, the only cluster peptides from 

which both SEQUEST and X!Tandem are good at identifying is the I/L/V-X cluster.  
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FIGURE 2.29. Cluster percentage composition of original dataset, peptides unidentified  

by both SEQUEST and X!Tandem 

2.6.5 Conclusions 

SEQUEST identified around 18% more peptides than X!Tandem, and the overlap 

between them is large. No large characteristic difference exist between peptides identified 

by SEQUEST and X!Tandem under the dataset of 28311 spectra.  Some minor 

differences are: 

• SEQUEST is prone to identify peptides in the order of singly charged peptides > 

doubly charged peptides > triply charged peptides, while X!Tandem is prone to 

identify peptides in the order of triply charged peptides > doubly charged peptides 

> singly charged peptides. 
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• SEQUEST identifies peptides almost uniformly from each cluster and only a little 

better for the I/L/V-X cluster, while X!Tandem works better for the I/L/V-X 

cluster and the X-P cluster. SEQUEST behaves better than X!Tandem in 

identifying peptides from the D/E-X cluster and the cluster with strong b and y 

cleavage, but X!Tandem behaves better than SEQUEST in identifying peptides 

from I/L/V-X cluster and X-P cluster. 

• Neither SEQUEST nor X!Tandem seems to have a strong tendency to identify 

peptides of any particular length range and neither of them are good at identifying 

short peptides with fewer than 7 amino acid residues. 

2.7 Conclusions and future directions 
 
  

A lot of research has been actively done in MS-based proteomics and great 

success has been achieved in the recent years. The development of database searching 

algorithms and ways to improve the performance of these algorithms are important areas 

in this field. Although much attention has been paid in this area, only a limited number of 

spectra can be assigned with correct peptides with high confidence using the current 

algorithms. There should be big great opportunities for research in the development of 

peptide/protein identification algorithms. Researchers in the Wysocki lab have conducted 

intensive research on the peptide fragmentation pathways and patterns both 

experimentally and statistically. In this thesis, two widely used database searching 

algorithms, SEQUEST and X!Tandem, were studied in detail: how experimental spectra 

are pre-processed, how theoretical spectra are predicted  for each candidate sequence, 
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how the similarity of experimental and theoretical spectra is evaluated, and how each 

candidate sequence is ranked using specific scoring schemes. The strengths and 

weaknesses of SEQUEST and X!Tandem were studied, and peptides identified and 

missed by them were characterized and compared.  Most importantly, based on the 

thorough understanding of these two algorithms, the peptide fragmentation patterns and 

associated structure motifs are incorporated into SEQUEST Replica and X!Tandem 

Replica, which are home-reproduced versions of these two algorithms based on the 

published materials. By doing so, attempts have been made to predict more realistic 

theoretical spectra within the context of candidate sequences so as to improve the 

performance of algorithms. Research results found that both SEQUEST and X!Tandem 

reduce the effect of selective cleavages by either pre-processing the original experimental 

spectra or using a particular scoring scheme, but results did show that selective cleavage 

rules for peptide fragmentation do help improve peptide identification especially for 

selectively cleaved peptides.  

SEQUEST mostly uses mass information of potential fragment ions of candidate 

sequence for peptide identification and filters out correct peptide identifications with an 

insufficient confidence. To complement the peptides identified with insufficient 

confidence, a supplemental tool that makes use of the peak intensity information in the 

experimental spectra is developed and applied after a SEQUEST search to extract those 

correct peptides that otherwise would be filtered out. Results from this thesis showed that 

more peptides could be correctly identified and a low false positive rate (<5%) is 

introduced by applying this tool after SEQUEST search. This supports the idea that the 
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performance of these algorithms could be improved if more information, such as intensity 

formation, in an experimental spectrum is used or if the model of predicting the 

theoretical spectrum is improved by incorporating more information in a theoretical 

spectrum.  

In this thesis, the intensity of selective peaks was predicted on a rough basis. For 

example, for a peptide with a mobile proton available upon peptide activation, the 

intensity of the peaks corresponding to N-terminal cleavages to Pro is roughly predicted 

to be four times as strong as those of the normal peaks, regardless of the adjacent amino 

acid residues. But according to Breci72, the intensity of the cleavage at N-terminal to Pro 

depends on the residue before Pro. This would be same situation for predicting the 

strength of selective cleavages at C-terminal to Asp and Glu.  

For an algorithm that predicts intensity-based theoretical spectra and then 

compares the similarity of experimental and theoretical spectra, to solve the problem 

mentioned above, using a dataset composed of spectra of known peptide sequences to 

train the model for predicting peptide fragmentation spectra is a better idea and has been 

commonly used.85, 88, 62, 107-110 But how to formulate the model to predict the 

fragmentation spectra will be the most important and challenging issue in this method. 

How to predict the fragmentation spectra, what information to be included to predict the 

spectra and how to include these information into this model, etc, must be considered 

cautiously and creatively, and it will greatly affect the performance of the algorithm. 

Without developing a new algorithm from scratch, one aspect to try is to incorporate the 

interpreted intensity percentage module into Scaffold111, which is a program developed 
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by a start-up company, Proteome Software, and uses multiple peptide identification 

algorithms to increase protein identification confidence. In Scaffold, the confidence of 

final protein identification is based on all the peptides identified by multiple algorithms 

and thus the confidence should be increased if more peptides are identified within a 

single protein with the intensity percentage module incorporated.  

Li Ji, a graduate student in the Wysocki group, is working on another novel 

intensity-based database searching peptide identification algorithm, SeQuence 

Identification (SQID), which is being built under the collaboration with Dr. Joseph M. 

Triscari from SAIC. Instead of predicting theoretical spectra for candidate sequences and 

comparing the similarity between experimental and theoretical spectra, SQID calculates 

the probability of each candidate sequence matching the unknown experimental spectrum 

based on the intensities of the peaks that can be recognized with the candidate sequence. 

Likewise, in SQID, a training dataset will be used to build histograms of cleavage 

probability of different strengths for pair-wise Xxx-Zzz cleavages between adjacent 

amino acids. Based on the histograms, the probability of matching each candidate 

sequence will be calculated and the candidate sequence with the highest probability will 

be considered as the correct peptide. Compared with SEQUEST, SQID runs much faster. 

Li’s current results show that the algorithm identifies more correct peptides when 

intensity information in a spectrum is used than when all the peaks are considered as the 

same intensity. To further improve the performance, more work needs to be done, such as 

fine tuning of the weighing factors used by different ion types and by peptides in 

different clusters, the number of bins that the cleavage intensity is divided into, etc. 
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Besides developing a database searching algorithm for peptide identification, 

people have begun to build reference database of MS-MS spectra for searching, as people 

do with GC-MS spectra.112 But different instrument produces different spectra for the 

same peptides and also the collision energy affects the fragmentation spectra. Thus this 

will complicate the database building and searching.  

Overall, two commonly used peptide identification algorithms, SEQUEST and 

X!Tandem, were studied  thoroughly and peptides identified and missed by these two 

algorithms were characterized. Also, peptide fragmentation results from selective 

cleavages at specific amino acid residues or residue combinations were incorporated into 

these two algorithms. Results show that when spectra show selective cleavages, making 

use of intensity information in spectra helps peptide identifications. Finally a 

supplementary scoring scheme, interpreted intensity percentage module, was developed 

and applied after a SEQUEST search to extract more correctly identified peptides that 

otherwise would be filtered out.  This further supports the idea that the peptide 

identification ability could be improved when intensity information in spectra is used. 

There is room to improve peptide identification performance by developing intensity-

based database searching algorithms, or even incorporating more information such as the 

peak density in fragmentation spectra.   
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Chapter 3 Study on metabolic pathway of ammonia in mosquitoes 

3.1 Introduction 

Mosquitoes are one of the world’s most dangerous animals and millions of deaths 

in the world each year are due to mosquito-borne diseases, such as malaria, encephalitis, 

dengue fever and yellow fever.113 Traditional strategies of controlling mosquitoes are 

becoming less effective and it is important for us to find a way to control mosquito 

populations. Ammonia is a toxic compound produced inside the mosquito bodies and a 

study of the ammonia metabolic pathway in mosquitoes will be very useful in developing 

a method of controlling the production and growth of mosquitoes. In this chapter, 

ammonia will be used to refer to both NH3 or NH4
+ or a combination of these two.114 This 

chapter will show some research results from a study of ammonia metabolism in 

mosquitoes.   

This project involves collaboration with Professor Michael Wells and Dr. Patricia 

Scaraffia, from the Department of Biochemistry and Molecular Biophysics at the 

University of Arizona. Dr. Scaraffia performs all the sample preparations. The author is 

responsible for developing the analysis method and carrying out the instrumental 

analyses. Most of the data analyses are performed collaboratively.  

Based on experience and observations from previous experiments,115, 116 the 

possible metabolic pathway of ammonia involves uric acid, allantoin, allantoic acid and 

finally urea. The major strategy used in this study is feeding female mosquitoes normal 

and 15N labeled NH4Cl, allantoin and allantoic acid and monitoring of other potential 
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intermediates and quantification of the 15N labeled final product, urea, to track the 

ammonia metabolism.  

3.2 Instrumental 
 

Tandem mass spectrometry is a powerful technique for both qualitative and 

quantitative studies.117-120 In this project, all the qualitative structural information studies 

and quantification of the compounds of interest are performed on a triple quadrupole 

mass spectrometer using different scan modes. Product ion scan mode is used when the 

structural information of one compound is required and multiple reaction monitoring 

(MRM) mode is used to quantify a specific compound. Figure 3.1 shows the schematic 

diagram for a triple quadrupole mass spectrometer.  

 

FIGURE 3.1. Schematic diagram of the triple quadrupole instrument. Figure adapted 

from reference121 with permission. 

Briefly, a quadrupole mass analyzer consists of four rods. One pair of opposite 

rods has a positive direct current (DC) voltage applied, while the other pair of rods has 

the same amplitude negative DC voltage applied.  When DC is applied together with a 
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radio frequency (RF) voltage, the quadrupole mass analyzer works as a band pass mass 

filter. The ratio of the RF and DC voltages determines the resolution of the analyzer. At 

the unit mass resolution, only the ions of one particular m/z can be transmitted at a given 

RF and DC voltage, while a simultaneous  increasing of RF and DC scans and transmits 

ions of increasing m/z. In this triple quadruople mass spectrometer, the first and third 

quadrupoles (Q1 and Q3) serve as mass analyzers, while the middle one (Q2) is a 

collision cell operated in RF only mode. In RF only collision cell mode, an inert gas, 

argon in this study, is introduced at a pressure of 2~3 mtorr to initiate collision induced 

dissociation of the precursor ions. An additional offset DC voltage is applied to each of 

the three quadrupoles and the potential difference between the ion source region and the 

offset DC voltage of the collision cell determines the kinetic energy of ions entering the 

quadrupole. This potential difference between the collision cell and the source is the 

laboratory collision energy.   

Four different scan modes that can be performed on a triple quadruple mass 

spectrometer, product ion scan, precursor ion scan, neutral loss scan and single/multiple 

reaction monitoring, are shown in Figure 3.2. Since this study involves product ion scan 

and MRM mode, these two will be introduced briefly. The neutral loss (NL) scan needs 

to be addressed before MRM is introduced. The product ion scan is used to probe the 

qualitative structural information. In this scan mode, Q1 is used to select the precursor 

ions with a specific m/z value, and the precursor ions are then dissociated in the collision 

cell, generating various product ions (fragments) that are then transmitted to and analyzed 

by a scan in Q3.  In a neutral loss scan, Q1 and Q3 are both scanned, while Q3 is offset 
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from Q1 by a constant m/z value corresponding to the neutral loss being analyzed. Same 

as in the product ion scan, the precursor ions collide with the collision gas in Q2 and 

fragments are produced, but only compounds with the selected neutral loss are detected. 

Single reaction monitoring (SRM) is more specific than the NL scan, and in this mode, 

Q1 is fixed to allow transmission of the precursor ions of one m/z and Q3 is fixed to 

allow transmission of the fragments of a selected m/z, so that a particular ion reaction can 

be monitored. Multiple reaction monitoring (MRM) mode is used to monitor multiple 

reactions, instead of a single one.  

The MRM mode provides the highest selectivity and sensitivity due to its filtering 

out chemical noise and maximizing the analyte signals.  Besides sensitive detection, it 

makes quantification of low level compounds possible. But it is well known that the 

absolute intensity of a peak in the mass spectrum does not necessarily correspond to the 

concentration, since the ionization and detection efficiency of different compounds may 

be different. Thus, an isotopic labeled internal standard for the target compound is 

mandatory for the quantification purpose. 
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Scan Type   Q1  Q2  Q3        Representation 

Product Ion Scan  Fix      Dissociation Scan 

Parent Ion Scan  Scan      Dissociation  Fix 

Neutral Loss Scan  Scan      Dissociation Scan 

SRM/MRM      Fix       Dissociation  Fix 

FIGURE 3.2. Four operation modes performed on triple quadrupole mass spectrometry, 

where Q refers to a quadrupole, a filled circle refers to a fixed m/z selection, and an 

unfilled circle refers to the scanning of m/z. Figure modified from reference.122  

3.3 Experimental 
 

Sucrose, urea, uric acid, allantoin, and allantoic acid were purchased from Sigma-

Aldrich (St. Louis, MO, USA). 15N2-urea, 13C-15N2-urea and 1,3-15N2-uric acid were 

purchased from Cambridge Isotope Laboratories (Andover, MA, USA). 15N-ammonium 

chloride and 15N-amide labeled L-glutamine were obtained from Isotec (Miamisburg, OH, 

USA). 15N-Allantoin was obtained from Icon Services Inc (Summit, NJ, USA).  

Standards of urea, 15N2-urea, 13C-15N2-urea, uric acid, 1,3-15N2-uric acid, allantoin, 

allantoic acid and 15N-Allantoin were first dissolved in doubly deionized (DDI) water, 

and diluted in MeOH: H2O (1:1, v:v) containing 1% of acetic acid to a final concentration 

of 10-100 µM. For chemical feeding solutions of (15N)-ammonium chloride, 15N-amide 

Source Q1 Q2 Q3 Detector 
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labeled glutamine, (15N)-allantoin and allantoic acid, the appropriate compounds were 

dissolved in a sucrose solution (3%) to reach a concentration of 10-80mM.  

 Aedes aegypti mosquitoes were reared under standard conditions.123 Individual 

female mosquitoes were placed in 10ml plastic scintillation vials that are covered with 

nylon mesh for feeding and each mosquito was fed with either 3% sucrose solution 

(control sample) or different chemical feeding solutions for 15 minutes. Feces of 60 

mosquitoes were collected 24 hours post feeding, dispersed in 1mL of DDI H2O and then 

dried using a vacuum centrifuge. The dried sample was dissolved again in 75µL of H2O 

and ultrasonic stirred for 15 minutes. For quantification experiments, 50µL of the feces 

solution was mixed with 40µL of 1mM internal standard solution, 13C-15N2-urea. The 

mixed solution was again dried and then dissolved in 100µL of MeOH: H2O (1:1, v/v) 

containing 1% acetic acid (AA).  

Low energy CID MS/MS experiments in different scan modes, product ion scan 

mode and MRM, were performed on Finnigan MAT TSQ 700 (San Jose, CA) triple 

quadrupole mass spectrometer. Nanospray was used to introduce the sample into the 

mass spectrometer, with a spray voltage from 2 to 3kV. The temperature of the heating 

capillary was controlled at 200°C. The laboratory collision energy for product ion scan 

was from 15eV to 25eV and for MRM mode was 25eV. Argon was used as the collision 

gas.  

3.4 Results and discussion 
 

Figure 3.3 shows the possible ammonia metabolic pathway Dr. Scaraffia proposed, 

according to her previous work and observation of the presence of associated enzymes in 
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mosquitoes.115, 116 In this pathway, nitrogen in ammonia is incorporated into amide 

nitrogen in glutamine and then converted to uric acid, next to allantoin and then allantoic 

acid and finally to urea, which is then excreted. Dr. Scaraffia and coworkers have 

previously shown that the nitrogen in ammonia is first transferred to the amide group of 

glutamine.116 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

FIGURE 3.3. One possible ammonia metabolic pathway in mosquitoes  
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3.4.1 Fragmentation mechanisms of urea (NH2CONH2), 15N2-urea (15NH2CO15NH2) 
 

To quantify urea and 15N labeled urea, the fragmentation pathway of urea has to 

be analyzed. The fragmentation spectra for urea (A) and 15N2-urea (B) are shown in 

Figure 3.4. 
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FIGURE 3.4. Fragmentation spectra of urea (A) and 15N2-urea (B) 

 
The losses of 17 from NH2CONH2, 18 from 15NH2CO15NH2 and 

15NH2
13CO15NH2 (spectra not shown) indicate the amide bond cleavage. The 

fragmentation pathway of NH2CONH2 is very simple, as shown in Figure 3.5.  

 

NH 2 C NH 2

OH+

NH2 C+

O

+ NH3

 

FIGURE 3.5. Fragmentation Pathway of Urea 
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To quantify urea, 15N-urea and 15N2-urea, MS/MS experiments were performed 

under the MRM mode by the neutral loss of 17/18 on the TSQ 700, since the most 

dominant peak corresponding to that NL would give rise to a high sensitivity. 13C-15N2-

urea was used as an internal standard. Table 3.1 lists the precursor ion m/z and neutral 

loss of urea and 15N labeled urea. Compounds with the same molecular weight but 

different NL, or with the same NL but different molecular weight can be distinguished. 

TABLE 3.1. Neutral loss of isotope labeled urea 

Compound m/z of Precursor Ion Neutral Loss MRM  
Q1, Q3 

urea 61 17 61 ---> 44 

15N-urea 62 17,18 62 ---> 44 
62 ---> 45 

15N2-urea 63 18 63 ---> 45 

13C-15N2-urea 64 18 64 ---> 46 

  

3.4.2 Isotopic effect characterization 

Although isotope labeled internal standards are commonly used for quantification 

using mass spectrometry techniques, isotope effects have been reported124. If they exist, it 

is very important to characterize the isotope effects for very accurate quantifications. 

Although the research presented in this chapter does not require highly accurate 

quantification, the isotope effects of 15N2-urea and 13C-15N2-urea were characterized for 

NL of 18 at laboratory collision energy of 25eV. To characterize the isotope effects, 

standard solutions of urea, 15N2-urea and 13C-15N2-urea of the same concentration were 
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mixed and quantification was carried out under the MRM mode according to Table 3.1. 

The area under the total ion current (TIC) chromatogram of the precursor ion of urea in 

the Xcalibur software is normalized to 1 and the areas corresponding to 15N2-urea and 

13C-15N2-urea are calculated proportionally. The characterization results are shown in 

Table 3.2.  

 

TABLE 3.2. Isotope effect for the neutral loss of 18 

Collision Energy urea 15N2-urea 13C-15N2-urea 

25eV 1 0.7347±(0.0691) 0.7499±(0.0238) 

 

3.3 Quantification of urea and confirmation of the ammonia metabolic pathway 

3.4.3.1 Quantification of urea excreted by mosquitoes fed with possible metabolic 

intermediates 

To confirm that allantoin and allantoic acid are involved in the metabolism 

pathway and thus may affect the urea excretion, quantification of urea in feces excreted 

by mosquitoes fed with sucrose as the control and with allantoin and allantoic acid of 

different concentrations were performed. Figure 3.6 shows the calculated amount of urea 

produced under different feedings. All the calculations were based on the area under the 

total ion current (TIC) chromatogram of each precursor ion in the Xcalibur software. No 

15N-urea or 15N2-urea was observed in the spectra.  
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FIGURE 3.6. Amount of urea excreted per mosquito with different feedings 

As can be seen from Figure 3.6, mosquitoes produce more urea when fed 

allantoin and allantoic acid, which indicates that urea is produced from both allantoin and 

allantoic acid.  The fact that the same concentrations of allantoin and allantoic acid do not 

produce same amount of urea may be caused by several factors: first, mosquitoes do not 

absorb and convert the same amount of the two compounds; second, allantoic acid may 

be closer to the urea forming step so that its conversion efficiency is higher. Twice the 

amount of allantoic acid did not produce twice the urea, which can be explained that 

probably only part of allantoic acid can be converted to urea or the time elapsed before 

quantification is not long enough for all the allantoic acid to convert into urea.  

When mosquitoes were fed allantoin, both allantoic acid and allantoin were 

observed in the feces. When mosquitoes were fed allantoic acid, allantoic acid was 

observed in the feces, which confirms only some of the compounds could be converted to 



 

 

108

 
 
 
 

urea. Figure 3.7 and 3.8 show the structures and the fragmentation spectra of allantoin 

and allantoic acid standard, respectively. For allantoin, peaks of 131.4, 116.2, 99.2, 88.1 

and 73.3 could be due to NL of CO (28), CONH (43), NH2CONH2 (60), CONHCO (71) 

and CONHCONH (86). The peak of 61.2 could correspond to the ion of NH2CONH3
+.  

For allantoic acid, peaks of 134.4 117.2, 91.1 and 74.1 could be due to NL of CONH (43), 

NH2CONH2 (60), CONHCONH (86) and NH2CONH2 + CONH (103). The peak of 61.4 

could be the ion of NH2CONH3
+ too.  
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FIGURE 3.7. Structure and fragmentation spectrum of allantoin 
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FIGURE 3.8. Structure and fragmentation spectrum of allantoic acid 
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As can be seen from the above results, both allantoin and allantoic acid can be 

converted into urea, and allantoin can be converted into allantoic acid, indicating that the 

nitrogen excretion pathway involves allantoin conversion to allantoic acid, then to urea.  

3.4.3.2 Quantification of urea excreted by mosquitoes fed with 15N-labeled possible 

metabolic intermediates 

To further confirm the proposed pathway, mosquitoes were fed 80mM 15N-

amonium chloride, or 10mM 15N-allantoin in 3% sucrose and then 15N-labeled metabolic 

intermediates were analyzed. At the same time, production of urea, 15N-urea and 15N2-

urea were monitored quantitatively. Figure 3.9 shows the quantification results from the 

control sample (fed with sucrose) and the two 15N labeled compounds.  
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 Figure 3.9. Amount of urea excreted per mosquito fed with 15N labeled compound 

 

 
In the control sample, only unlabeled urea was observed. But in the feces excreted 

by mosquitoes fed with 15N-ammonia, a significant amount of 15N-urea was detected, as 

well as the unlabeled urea. Almost no 15N2-urea was present. It can be seen that one 

nitrogen atom in the urea molecule comes from the nitrogen in ammonia. Figure 3.10 

shows the fragmentation spectra of 15N-urea in feces excreted by mosquitoes fed with 

15NH4Cl. Since only one nitrogen atom is 15N-labeled, urea (NH2CONH2) may lose NH3 

or 15NH3 when it is fragmented, which is confirmed by the presence of peaks at 44.3, 45.3, 

18.3 and 19.5. According to the fragmentation pathway of standard urea, some other 

peaks, such as those at 27.3 and 41.0, do not correspond to the fragmentation of urea. The 

appearance of these peaks could be due to fragmentation of some impurity whose m/z is 
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within the precursor ion selection window. The reason 15N-urea instead is produced will 

be analyzed below. For this purpose, the structure and fragmentation of uric acid have to 

be studied first. 
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FIGURE 3.12. Fragmentation spectrum of uric acid (A) and 1,3-15N2-uric acid (B)   

FIGURE 3.10. Fragmentation spectrum  

of 15N-urea (15NH2CONH2) 
FIGURE 3.11. Structure of uric acid 
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Figure 3.11 shows the structure of uric acid and Figure 3.12A and B show the 

fragmentation spectra of uric acid and 1,3-15N2-uric acid standards, respectively. Three 

characteristic peaks at 152.35, 141.39 and 126.39 in uric acid are due to NL of NH3 (17), 

CO (28) and NHCO (43).  The moves of NH3 and NHCO losses in uric acid to 15NH3 (18) 

and 15NHCO (44) losses in 1,3-15N2-uric acid indicate that losses of NH3 and NHCO are 

due to the 6-membered ring cleavage. According to the literature125, the loss of NHCO in 

uric acid is from position 1 and 2, as shown in Figure 3.11.  

When mosquitoes were fed with 15N-ammonia or 15N-amide labeled glutamine, 

15N2-uric acid was observed in the feces.  In its fragmentation spectrum, losses of 18 

(15NH3), 28(CO) and 43 (NHCO) were detected. From the analysis above, it can be 

deduced that this 15NH3 is either from position 1 or 3. But from the loss of unlabeled 

NHCO, it can be concluded that there is a normal N at position 1, instead of 15N. 

Otherwise, a loss of 15NHCO would have been seen. All this indicates that a normal N is 

located at position 1 and 15N is located at position 3. Another 15N then must be at either 

position 7 or 9. Since the two 15N atoms are at different rings, when the molecule 

dissociates, it will produce 15N-urea instead of 15N2-urea, which agrees well with the 

quantification results in Figure 3.9. This further supports the following partial pathway: 
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The 15N-allantoin purchased from Icon Services is a mixture of 15N1-allantoin, 

15N2-allantoin, 15N3-allantoin and 15N4-allantoin. The molecular weight of unlabeled 

allantoin is 158, but from the mass spectrum of this compound, only a single peak of 161 

(MW+H+) was detected, which means that this compound only contains allantoin with 

two 15N nitrogen atoms. To figure out how allantoin is 15N-labeled, Nuclear Magnetic 

Resonance (NMR) was performed on the compound and the result is shown in Figure 

3.13. Integration results showed that of the four nitrogen atoms in the allantoin molecule, 

three of them are 50% 15N labeled. But the peak(s) for fourth nitrogen atom is very broad, 

and it cannot be seen clearly whether it is 50% 15N labeled. Based on the manufacturers 

assertion that the allantoin is uniformly labeled,  and the average molecular weight of 160, 

it is very possible that it is a 50/50 mixture of the following compounds shown in Figure 

3.14.  

 

 

FIGURE 3.13. NMR spectrum of 15N labeled allantoin purchased from Icon Services 
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FIGURE 3.14. Possible composition of 15N labeled allantoin purchased from Icon 

Services 

 

To confirm the composition, fragmentation of this 15N-allantoin is performed. 

Figure 3.15 shows the fragmentation spectrum. 
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FIGURE 3.15. Fragmentation spectrum of 15N labeled allantoin purchased from the 

company 

 

Peaks at 118.40 and 117.23 are due to the neutral loss of NHCO and 15NHCO, 

respectively. If the composition is like that shown in Figure 3.14, when the molecule 

breaks, it produced either unlabeled or both 15N labeled protonated urea, since two 15N 

atoms are either on the ring at the same time or on the open chain. Peaks at 61.37 and 

63.11 could be NH2CONH3
+ and 15NH2CO15NH3

+, which agree well with the 

composition proposed in Figure 3.14. But the NL of 61 (from 161.33 to 100.33) could be 

15NH2CONH2, which conflicts with the proposed composition, if this neutral loss is either 

from the ring or from the chain of the molecule. One possibility is that the loss of 61 is 

due to two pieces' sequential loss from different sides via a two-step mechanism, i.e., the 
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piece of  15NHCO from the ring or chain (peak at 117.23), and then another loss of  NH 

from the chain or ring, or the piece of NHCO from the ring or chain (peak at 118.40), and 

then another loss of  15NH from chain or ring. If this is the case, when ions corresponding 

to 117.23 and 118.40 fragment, they will lose either NH3 or 15NH3, to form an ion with 

m/z of 100.33. This proposed pathway is shown in Figure 3.16. It can be seen that further 

fragmentation of ions with m/z at 117.23 or 118.40 has to be performed in a MS3 

experiment either on a quadrupole ion trap or on a FT-ICR instrument. Unfortunately, the 

further fragmentation of either of these two ions with m/z at 117.23 and 118.40 was not 

successful on either of the two instruments, due to the small mass difference thus the 

small secular/cyclotron frequency difference between them and the resulting difficulty in 

mass selection of one ion out of these two. Therefore, the NL of 61 from the precursor 

ion was proposed but not finally confirmed in this thesis. The fragmentation pathway of 

allantoin remains to be an interesting question to solve. Fortunately, from the paper Icon 

Services Inc used as a reference to synthesize this 15N-allantoin,126 the proposed 

composition in Figure 3.14 is confirmed.  

When compound 1 or 2 in Figure 3.14 is degraded inside mosquito bodies, either 

urea or 15N2-urea will be produced, which agrees with the quantification results shown in 

Figure 3.9. This further supports the following partial metabolic pathway: 
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FIGURE 3.16. Working flowchart of possible compositions of 15N-Allantoin (ALLN) 
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then 15NH3 (peak at 100.33)?  

Further fragmentation of peak 
at 117.23 produces peak at 100.
Further fragmentation of peak 
at 118.40 produces peak at 100.

Yes



 

 

118

 
 
 
 

Overall, major steps along the full ammonia metabolic pathway have been confirmed 

using mass spectrometry technique and extra work will be done by Dr. Scaraffia to 

further confirm this pathway. 

3.4.4 Conclusions and future directions 

In this chapter, a quantitative mass spectrometry technique was used to quantify 

the final ammonia metabolic product, urea, and a qualitative technique was used to trace 

the detailed nitrogen metabolic pathway. To study the nitrogen metabolic pathway, 

mosquitoes were fed with 15N-labeled compounds and the transfer of 15N was monitored. 

Experiments have confirmed that the nitrogen atom in ammonia finally can be transferred 

to urea. Up to now, some important steps of along the whole pathway were confirmed, 

but to thoroughly confirm each step, extra work is necessary. First, the quality of the 

fragmentation spectra of intermediate products along the pathway is an issue. To improve 

the quality of the spectra, a bigger number of mosquitoes could be tried so that more 

feces could be collected or a higher concentration of ammonia or 15N labeled ammonia 

could be used to feed the mosquitoes. Second, use of inhibitors that will block the 

pathway can be used to confirm this pathway. 

Overall, to study the ammonia metabolism in mosquitoes, they were fed with 

starting material, ammonia, and intermediate products along the proposed pathway and 

final urea excretion was quantified, and subsequent metabolic products were monitored. 

By using 15N labeled precursor compounds, a proposed nitrogen transfer pathway has 

been elucidated.  Preliminary work has supported major steps of the pathway in Figure 

3.3, but more work has to be done to confirm the full pathway. 
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