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ABSTRACT OF THE THESIS 
 
 
 

Peptide Identification for Tandem Mass Spectrometry from  

Quadrupole Time-of-Flight Mass Spectrometers 

 

by 

Kuang-Ying Hsi 

Master of Science in Computer Science 

University of California, San Diego, 2009 

Professor Vineet Bafna, Chair 

 
 

  Tandem mass spectrometry (MS2) is widely used for peptide and protein 

identification.  One of the most fundamental problems for peptide identification in 

MS2 is to score peptide annotations against the spectrum which is produced by the 

peptide.   

  In this thesis, a Bayesian network model is proposed for scoring peptides from 

Q-TOF mass spectrometers.  The research is based on the Bayesian network 

probabilistic methodology used by InsPecT software, which exploits a hybrid strategy
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of both database search and de novo algorithms for peptide identification.  Initially 

we focused on the connections of InsPecT scoring model without any changes of 

nodes.  We attempted to determine the connections between nodes for Q-TOF by 

their dependencies.  In order to prove that we need the complete set of nodes as the 

original InsPecT scoring model, we reduced the number of nodes and surprisingly 

caused significant improvement in peptide identification performance.  The 18-node 

model was reduced to 10-node models for both charge 2 and charge 3 ions, and we 

obtained the percentage gain in spectra identification 37.51% for charge 2 and 57.68% 

for charge 3 ions compared to the InsPecT software 2006.10.20 version.  The 

simplified model also leads to computation time reduction. 

  Currently InsPecT does not perform as well as Mascot on Q-TOF data.  Reason 

for that may be that InsPecT was originally trained for LTQ data and in this thesis we 

only focused our improvement on the InsPecT scoring stage.  Deficiencies may occur 

in the initial tagging and final calculation of the score. 

  Further research may do an exhaustive combination of fragment ions to derive a 

set of most discriminative and informative ions.  
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Chapter 1 Introduction 

1.1 Overview of Proteomics and Mass Spectrometry 

Proteomics is a growing field that is concerned with the systematic, large-scale 

study of proteins.  It can be defined as “the use of quantitative protein-level 

measurements of gene expression to characterize biological processes and decipher the 

mechanisms of gene expression control” (Anderson and Anderson 1998).  Proteins 

are the executive molecules in the cell and are involved in almost every biochemical 

activity of the cell.  While the analyses of DNA or of mRNA tell us about protein 

function indirectly, proteins are functionally the most relevant components of 

biological systems.  Therefore, a comprehensive study of proteins provides a 

perspective on interactions among these molecules and how they maintain a live 

biological system.   

Due to the large dynamic range, defined as the ratio of abundance of the most 

highly expressed to least expressed protein, the high degree of complexity of most 

proteomes, and low abundance of many of the proteins, it is very challenging to 

identify the majority of proteins from biology samples (Li, Yi et al. 2005).  Mass 

spectrometry (MS), a highly sensitive analytical technique, has increasingly become 

the method of choice for analysis of complex protein samples.  In recent years, the 

successes of MS-based methods to identify and precisely quantify thousands of 

peptides and proteins from complex biological samples have made them an 
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indispensable tool for molecular and cellular biology, and for the emerging field of 

system biology.  MS can be expected to impact broadly on biology and medicine 

(Aebersold and Mann 2003). 

1.2 Mass Spectrometers 

Mass spectrometers are used to determine the components of a biological sample 

by measuring the mass, or the mass-to-charge ratio (m/z) of the components.  A mass 

spectrometer consists of three fundamental parts: the ionization source, the mass 

analyzer, and the detector.  The components under analysis have to be introduced 

into the ionization source of the instrument, and then accelerated in an electric field to 

the mass analyzer, which separates them by their m/z ratios.  The function of the 

detector is to record the impact, or the abundance of each individual ion for 

presentation in the format of m/z spectrum.  A simplified schematic of a mass 

spectrometer system is given in Figure 1.1. 

The ionization method to be used has to depend on the type of the sample under 

analysis and the mass analyzer available.  The most common ionization methods for 

proteomic purposes are Electrospray Ionization (ESI) and Matrix Assisted Laser 

Desorption Ionization (MALDI).   
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Figure 1.1: Simplified schematic of a mass spectrometer system.  Sample under 
analysis is introduced into ionization source and the sample molecules are ionized. 
Then they are separated in mass analyzer according to their mass-to-charge ratio and 
finally detected the abundance of each individual ion in detector.  Then the mass 
spectra are fed into computer analysis system to generate peptide sequences. 

 

In ESI, a liquid of sample is introduced at high voltage.  This creates a spray of 

charged droplets which leads to very small highly charged droplets capable of 

producing gas phase ions (Andersen, Svensson et al. 1996).  In MALDI, the sample 

is mixed with a highly absorbing matrix compound for the most consistent results, and 

ions are formed directly from the solid state by impact of photons generated by a laser 

light.  MALDI almost always results in single unit charged parent ions, while double 

or triple charged ions are typical for ESI.  Different mass analyzers are compatible 

with different ionization methods.   

There are several types of mass analyzers currently used in mass spectrometry 

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

cyclotron analyzers, each with its own features such as the m/z range that can be 
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covered, the mass accuracy and resolution.  These mass analyzers can be used in 

combination as a hybrid system to generate different types of data and take advantage 

of the strengths of each.   

Here we describe briefly of the properties of some commonly used 

instrumentation in the study of MS2.  LTQ (Linear Trap Quadrupole) is an example 

of ion trap instruments which detect ions by trapping them and it usually used in 

conjunction with ESI.  It is robust, highly sensitive and has a very good 

fragmentation.  Disadvantages of LTQ are the relatively low mass accuracy and 

resolving power which necessitate the preprocessing steps of parent ion mass 

correction and charge state determination.  MALDI is usually in conjunction with 

TOF mass analyzers.  The MALDI-TOF instruments are easy to handle and have 

high throughput, good resolution and accuracy.  However, almost all of the ionized 

peptides have a single unit of positive charge due to the acquisition of a proton and 

thus there is little peptide fragmentation.  The hybrid quadrupole-TOF (Q-TOF) 

instruments have high sensitivity, resolution and mass accuracy, and the resulting 

fragment ion spectra are often more extensive and informative than those generated in 

ion trapping instruments.  Both MALDI and ESI can be used for ionization. 
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1.2.1 Tandem Mass Spectrometry Analysis 

Separating a peptide by mass spectrometer is not sufficient for peptide 

identification.  In tandem MS, isolated peptide are dissociated through collision with 

gas molecules.  The mass values of the fragment ions (tandem mass spectrum or MS2) 

act as a fingerprint for peptide identification.   

The principle of tandem mass spectrometry which has two mass analyzers is 

illustrated in Figure 1.2.  The first mass analyzer allows the selection of a particular 

m/z range, usually centered on the m/z of a peptide of interest. The selected peptide, 

which is called parent ion or precursor ion, subsequently undergoes a 

collision-induced dissociation (CID) step followed by the second mass analyzer finally 

measuring the m/z of the resulting fragment ions which is called an MS2 spectrum.  

The two mass analyzers do not necessarily have to be the same type.  Commonly 

known tandem mass spectrometers include those of the quadrupole-quadrupole, 

magnetic sector-quadrupole, and the quadrupole-time-of-flight.   
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Figure 1.2: Principle of tandem mass spectrometry.  The first analyzer (MS1) selects 
a parent ion to go into CID stage to generate fragment ions.  The second analyzer 
(MS2) measures the intensities of m/z ratios of the fragment ions to produce MS2 
spectrum. 

1.3 Peptide Identification using MS2 

1.3.1 Peptide Fragmentation 

Peptides are mainly fragmented along the peptide backbone.  The peptide 

backbone contains three types of bonds, namely C-C, C-N, and N-C.  Traditionally 

we have different naming of the fragments according to where the break occurs.  

Figure 1.3 is an example of the accepted nomenclature for fragment ions proposed by 

(Roepstorff and Fohlman 1984).  Fragment ions are annotated by subscripts, 

indicating the number of residues in them.  If a charge is retained on the N-terminal 
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fragment, the fragment ion is a, b, or c depending on which bond is broken; if a charge 

is retained on the C-terminal fragment, the fragment ion is x, y, or z.  Figure 1.4 

shows the structure of singly charged b2 and y2 ions according Figure 1.3.  In low 

energy collision system, y-ion is most likely to occur and most frequently seen, and 

b-ion is also commonly seen.   

 

 

Figure 1.3: The accepted nomenclature for fragment ions.  If a charge is retained on 
the N-terminal fragment, the fragment ion is a, b, or c.  If a charge is retained on the 
C-terminal fragment, the fragment ion is x, y, or z. 

 

When peptide backbone fragments lose a water molecule (H2O), it is called a 

water loss.  It mainly occurs from the side chains of serine, threonine, aspartic acid, 

or glutamic acid residues.  When fragments lose an ammonia molecule (NH3), the 

ammonia loss occurs.  It is mainly observed from the side chains of arginine, lysine, 

asparagines, or glutamine residues. 
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Figure 1.4: The structure of singly charged b2 and y2 ions according to Figure 1.3. 

 

Figure 1.5 illustrates an example of peak assignment to interpret tandem mass 

spectrum.  The table with numbers are the peptide masses for b and y fragment ions.  

In practice b1 ions are seldom observed.  When the peptide PGSNPNKR is 

fragmented between the 4th and 5th residue, the predominant resulting species are b4 

(PGSN) and y4 (PNKR).  In the spectrum, we can find that several peaks support this 

cut of the peptide.    
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Figure 1.5: An example of tandem mass spectrum interpretation.  When the peptide 
PGSNPNKR is fragmented between the 4th and 5th residue, the predominant resulting 
fragments are b4 (PGSN) and y4 (PNKR).  In the spectrum, we can find that several 
peaks support this cut of the peptide.  This spectrum is identified and labelled by the 
InsPecT software. 

 

There are different methods for peptide identification.  Database search is a 

popular method to approach peptide identification problem.  We will describe its 

advantages and disadvantages in the following section.  Another method to solve 

peptide identification problem is the de novo sequencing approach.  It uses the mass 
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spectrum peaks directly to derive the source peptide sequences without any prior 

knowledge of the sequence.  The key to both approaches is a scoring function which 

is be able to rank potential peptides according to their resemblance to the spectrum 

and correctly differentiate between true and fake identification. 

1.3.2 Database Search 

Database search is performed by comparing the mass spectrum to the theoretical 

peptides in the database and detecting the best matches to the spectrum.  Early tools 

such as Sequest (Eng, Mccormack et al. 1994) and Mascot (Perkins, Pappin et al. 1999) 

exploited database search to identify the peptides to the given spectrum from known 

genome and protein databases.  They provided convenient methods and automated 

high throughput for peptide identification with known sequences.  Database search is 

reliable and very powerful and thus is the de facto standard for MS.  However, it is 

inefficient to search against the entire database without any prior knowledge of the 

sequence because we should consider what peptide sequences in the database are 

worth scoring versus the spectrum. For instance, the scoring should be limited to 

peptides with similar mass or peaks with amino acid spacing which are also present in 

the sequence.  Parent-mass based filters are common but are limited when dealing 

with post-translational modifications (Payne, Yau et al. 2008).  In addition, since not 

all protein coding genes are annotated and modification or mutations are not 
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considered and explicitly represented in the databases, many spectra remain 

unidentified by these searches.  Furthermore, database search methods using 

relatively simple scoring algorithms may limit the accuracy and miss the true 

identification of some peptides.  Machine learning techniques might be used to 

resolve some of the issues.  This thesis will present a Bayesian network as a scoring 

model particularly for Q-TOF data based on the InsPect software. 

1.3.3 De Novo Interpretation 

De novo interpretation was primarily invented for cases where the protein 

databases are either not complete or not available.  There are many de novo 

algorithms for peptide identification, including tools such as Lutefisk (Taylor and 

Johnson 1997; Taylor and Johnson 2001), SHERENGA (Dancik, Addona et al. 1999), 

PEAKS (Ma, Zhang et al. 2003), PepNovo (Frank and Pevzner 2005), EigenMS (Bern 

and Goldberg 2005), PILOT (DiMaggio and Floudas 2007) and approaches by Chen et 

al (Chen, Kao et al. 2001) and Bafna and Edwards (Bafna and Edwards 2003).  These 

algorithms basically model the peptide identification problem by constructing a 

spectrum graph in which the vertices correspond to prefix masses of the peptide, and a 

directed edge between two vertices if the difference between them equals the mass of 

an amino acid.  The goal is to find the highest scoring paths in the graph.  Without 

enough high-quality spectra and complete fragmentation, some spectra may not 
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provide sufficient information to construct peptide sequences or differentiate between 

two or more candidate peptides.  In such situations, the database search method 

simply selects one of the peptides which is already present in the database, and 

therefore obtains the true identification.  

The performance and accuracy of de novo methods are promising nowadays 

given the correct identification rate from several existing de novo methods.  For 

Q-TOF tandem mass spectra, PILOT can achieve an identification rate ~66%, 

followed by PEAKS and EigenMS, both at ~53% and PepNovo at ~42% (DiMaggio 

and Floudas 2007).  Figure 1.6 shows a recently research on PepNovo called 

PepNovo+ which has improved its accuracy and is superior to some known de novo 

tools (A. Frank 2008). 

 

Figure 1.6: Accuracy and average length of PEAKS, PepNovo+ and MS-Dictionary 
for the standard dataset.  PepNovo+ is superior to other tools with an accuracy 
achievement of 65% of peptide length 7 to 8.  This table is from a submitted paper by 
A. Frank (A. Frank 2008). 
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Chapter 2 InsPecT 

2.1 Overview 

InsPect (Tanner, Shu et al. 2005) is used to identify peptides along with 

post-translational modifications using tandem mass spectrometry data.  It employs a 

hybrid strategy for scoring that will be discussed in section 2.2, but has proved to be 

successful in proteomic analysis.  The flow path of the InsPect approach is given in 

Figure 2.1.   

 

 

Figure 2.1: The flow path of InsPect from (Tanner, Shu et al. 2005).  InsPecT 
produces filtering seeds similar to BLAST to filter databases to be searched.   
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A filtering stage, including database filtering and tag-based filtering, is used to 

restrict candidate peptides for scoring.  Database filtering is used to rapidly eliminate 

many of the peptides from the database without explicitly scoring them.  InsPecT 

also uses a tag-based search in filtering stage by performing a partial de novo 

interpretation which generates short peptide sequence tags from the spectrum.  

Tag-based search is orders of magnitude more efficient than other filters, but an 

accurate tagging strategy is important.  The remaining peptides after filtering are 

rank-ordered based on the score which represents how well the annotation agrees with 

the spectrum.  Even with an accurate scoring function, the peptide with best score 

might not be the correct one.  For example, it could be that the correct peptide is not 

present in the database, or there is not enough information to distinguish between the 

top two peptides (Payne, Yau et al. 2008).  Following the scoring stage, a validation 

stage is used to calculate the probability that the top scoring peptide is the correct one.   

InsPect was originally trained on LTQ data.  Its performance on Q-TOF data 

can be improved.  The goal of this thesis is to develop a Bayesian scoring function 

for Q-TOF data.  We are focusing on the scoring stage so the remaining parts stay 

unchanged. 
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2.2 Bayesian Scoring Model 

A peptide P is a sequence of amino acids p1p2p3…pn.  In MS2, peptides 

generally break at their peptide-bonds when they fragment by the stage of Collision 

Induced Dissociation (CID).  We typically consider single cleavages for low energy 

MS2 ionization technology.  Such a cleavage results in a prefix fragment p1…pi and 

suffix fragment pi+1…pn.  Figure 2.2 explains how we can describe a peptide by a set 

of cuts, or prefix residue masses NPPP <<< Λ21 , which are the masses of the prefix 

fragments.   

 

Figure 2.2 We can describe a peptide by a set of cuts, or prefix residue masses.  In 
this figure, P3, P4, and P5 are the prefix residue masses and p1…pi is the peptide 
consists of a sequence of amino acids.  The goal is to obtain all prefix residue masses 
and then we can acquire the sequence of the amino acids by the differences of them. 

 

We assume the following model for “generating” a spectrum S from a peptide P.  

First the peptide breaks at a specific position j.  This results in a series of peaks 

corresponding to the fragment ions (b, y, b-H2O, y-H2O, …), which comprise the 

spectrum S.  So the spectrum S obtained from the mass spectrometer consist of a set 
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of observed pairs (m1, i1), (m2, i2), …, (mn, in), of peak masses of the fragments and 

their corresponding intensities which depend upon the physical-chemistry of 

fragmentation.  Assuming Mj is the event that we have a break at prefix residue mass 

Pj.  We score Mj as 

)|(

)S|(
log)score(

Ν
=

j

j
j MP

MP
M  

)S|( jMP is the probability that we have a break at Pj given spectrum S and 

Ν|( jMP ) is the probability that we have a break at Pj from the null model.  The null 

model assumes that peaks are distributed without any special cleavage sites or 

fragmentation rules which are certain combinations of fragments and intensities that 

are more probable than others.  If the score equals to zero, it means that the break 

could not distinguish the spectrum and the null model.  Therefore, the higher the 

score, the likelier the break is observed given this spectrum.  Then, the score for the 

peptide is 

∑
∈

=
peptide

)score(ide)score(pept
jP

jM  

Our main goal here is to estimate )S|( jMP  which will be estimated as )S,|( jMIP
ρ

 

by some mathematical tricks (Frank and Pevzner 2005). 

Consider the spectrum as a vectorI
ρ

of intensities at different mass values of these 

fragments.  Based on the new likelihood scoring method proposed in PepNovo 
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(Frank and Pevzner 2005), our goal is to estimate )S,|(CID PIP
ρ

which is the probability 

of observed fragments with specific intensitiesI
ρ

assuming that P generates spectrum S 

under the stage of Collision-Induced Dissociation (CID).   

Let )S,|( jCID PIP
ρ

denote the probability of observingI
ρ

, given that Pj is a valid cut 

of the spectrum S.  This is our CID hypothesis which means j is a genuine cleavage 

site in the peptide that created S.  Let )S,|(0 jPIP
ρ

denote the probability of 

observingI
ρ

by a random process, where the subscript 0 indicates a null hypothesis.  

We exploited the null model from PepNovo directly.  The score given to a peptide 

and spectrum S is computed as the summation of the logarithm of the likelihood ratio 

of these two hypotheses along all valid cuts: 

∑==
j j

jCIDCID

PIP

PIP

PIP

PIP
P

)S,|(

)S,|(
log

)S,|(

)S,|(
logS),Score(

00

ρ

ρ

ϖ

ϖ

 

We denote this as our cut score of a peptide since a peptide can be described by a 

set of cuts. A positive score from this scoring function tells us that it is more likely 

that the observed intensitiesI
ρ

were generated by the CID process; a negative score 

means thatI
ρ

were probably caused by a random process. The higher the cut score, the 

likelier the CID hypothesis is, compared to the null hypothesis.  It is critical to 

determine 

)S,|],,,([)S,|( 210 jCIDjCID PIIIPPIP Κ
ρ

=  
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because the occurrences of fragment ions are not independent. To 

compute )S,|(CID jPIP
ρ

, we use a Bayesian network to estimate the dependencies of 

fragment ions.  The Bayesian network is a directed acyclic graph in which fragment 

ions are described by nodes and dependencies are described by edges.  An example 

of Bayesian network architecture is depicted in Figure 2.3, which is the architecture 

used currently in PepNovo.   

Let )(iIπ denote the set of ions thatiI depends upon, which are the parents ofiI in 

the network.  Then the probability can be approximated as 

∏≈=
i

ijiCIDjCID IPIPPIIIP )S,,|()S,|],,[( )(10 πΚ
ρ

 

The most important task here is to determine what priors to use for each node. To 

figure out the proper priors and to estimate )S,,|( )(ijiCID IPIP π , we tabulated the 

values for these nodes for each cut of each spectrum in our training set.  Table 2.1 is 

an example of the probability table.  From this table, we can calculate information 

entropy, conditional entropy and mutual information for any two nodes and find their 

dependencies.  After the network structure is finalized, the tables are stored and this 

becomes our Bayesian network model. 

The cut score depends initially on the architecture of the Bayesian network.  Our 

goal is to develop an architecture that optimizes the cut score based on an annotated 

set of true positive and true negative examples.  Ideally, the optimal network should 



19 

 

 

be such that all true positives score higher than all true negatives.  In Chapter 3, we 

will present a test platform and methods for testing our new model for Q-TOF data. 

 

 

 

Figure 2.3: An example of Bayesian network.  Nodes represent fragment ions, 
relative position of the cleavage site in the peptide, and flanking amino acids to the 
cleavage site.  Edges represent the dependencies between the nodes. 
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Table 2.1: An example of probability table.  Peaks are binned into strong, medium, 
low, and absent.  In this table, strong peaks correspond to the top N peaks in the 
spectrum, where N is equal to the parent mass divided by 50 Da.  The third column 
shows a conditional probability for y isotope ions (y+1) given y ion.  For example, a 
strong y peak produces a medium y+1 42.4% of the time. 

)(iIπ   

intensity 

iI   

intensity 

,,|( )(ijiCID IPIP π

 

1+= yI i  

yI i =)(π  

strong strong 30.4% 

strong medium 42.4% 

strong low 8.2% 

strong absent 19.1% 

medium strong 1.0% 

medium medium 26.2% 

medium low 27.3% 

medium absent 45.4% 

low strong 0.1% 

low medium 3.4% 

low low 23.9% 

low absent 72.6% 

absent strong 1.4% 

absent medium 3.9% 

absent low 5.0% 

absent absent 89.7% 
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2.3 Model Training Tool - Scorpion 

We use the Scorpion tool to build our Bayesian network and train the 

probabilities.  It is used internally and not released publicly.  The input of the 

Scorpion tool is a corpus of InsPecT results as the training set and it will process the 

Bayesian network on them.  

There are parameters to tweak for the Scorpion tool: intensity radius, sector type 

and intensity scheme.  Intensity radius is the width of the window which gathers 

spectrum peaks.  Table 2.2 shows the performance on different intensity radius.  In 

general, radius equals or larger than 0.15 has a significant positive effect on our 

results. 

 

Table 2.2: Percentage gain in spectral ID on a training corpus of 12224 spectra given 
different intensity radius.  The results for charge 2 and charge 3 are shown separately.  
Intensity radius equals or larger than 0.15 has a significant positive effect on the 
results. 

Intensity 
radius 

0.1 0.15 0.2 0.25 0.3 

% gain in 
spectra ID 

2.30% 16.32% 18.93% 18.20% 20.75% 

Charge 2 -6.28% 11.66% 16.73% 17.67% 21.52% 

Charge 3 28.91% 34.28% 31.10% 26.30% 25.84% 
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Sector type is a simple partition of the mass range. For example, we can partition 

the mass range into two sectors which are the lower part and the high part, or we can 

partition it into three sectors which are the lower part, the medium part and the higher 

part.  The relative position of the cleavage site influences our model because the 

intensity of peaks is correlated with the position in the peptide.  In general, weak 

peaks are near the ends and stronger peaks appear more likely in the center of the 

spectrum.  We have four different sector types for Scorpion tool: from two to five 

sectors.  In Table 2.3 we can see that partitioning into five sectors gives us the best 

result. 

Table 2.3: Percentage gain in spectral ID on a training corpus of 12224 spectra given 
different numbers of sectors.  The results for charge 2 and charge 3 are shown 
separately.  Five sectors type gives us the best result. 

Sector type Two sectors Three sectors Four sectors Five sectors 

% gain in 
spectra ID 

13.00% 14.00% 15.17% 16.32% 

Charge 2 10.31% 10.64% 13.39% 11.66% 

Charge 3 26.02% 28.69% 26.10% 34.28% 

 

 

Intensity scheme is the way to partition peak intensity levels.  We partition the 

peaks because spectra may have total peak intensities that span several orders of 

magnitude.  For each spectrum we calculate the intensity levels by first calculated a 
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baseline grass intensity.  The first scheme has intensity levels as strong, medium, 

low, and absent.  The strong intensity level corresponds to the top N peaks in the 

spectrum, where N is equal to the parent mass divided by 50 Dalton.  Medium and 

low intensity levels proportion to the grass intensity value which is the median of 

weakest N peaks in the spectrum.   

The second scheme simply divides intensities into top N peaks, present and 

absent.  Its grass intensity is the same as in the first scheme.  Present intensity 

threshold is half the grass intensity value.   

The third scheme partitioned peak intensities according to their normalized 

intensities which are peak intensities divided by a baseline grass intensity.  The grass 

intensity is the median of the weakest one third of the peaks in the spectrum.  Let I 

denote the normalized intensity value of a peak.  The strong intensity threshold 

is 10≥I , medium intensity threshold is 102 <≤ I , low intensity threshold 

is 21.0 <≤ I and the absent intensity threshold is 1.0<I .   

We could take more bins to divide the intensity levels; however, the more bins 

we choose, the less data points presented in one single bin and we may lose some of 

the information.  Table 2.4 shows the results with different intensity schemes and we 

find that the third scheme performs best with our training data. 
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Table 2.4: Percentage gain in spectral ID on a training corpus of 12224 spectra using 
different intensity schemes.  The results for charge 2 and charge 3 are shown 
separately.  Partitioned by ratio to grass performs best with our training data. 

Intensity 
scheme 

Top N peaks, 
medium, low, 
absent 

Top N peaks, 
present, absent 

Partitioned by ratio 
to grass 

% gain in 
spectra ID 

15.80% 11.61% 16.32% 

Charge 2 13.91% 9.32% 111.66% 

Charge 3 27.07% 23.57% 34.28% 

 

 

In the following experiments, we will use 0.15 as our default intensity radius, five 

sectors as our sector type and choose partitioned by ratio to grass intensity as our 

intensity scheme for our Scorpion tool parameters.  
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Chapter 3 Methods 

3.1 Testing Platform 

Our spectra dataset was generated from QSTAR XL instrument in Dr. Elizabeth 

Komives’s lab (http://chem-faculty.ucsd.edu/komives/).  5384 spectra were generated 

from Dictyostelium and 78757 spectra were generated from human sample.  To 

obtain a corpus of annotated spectra, we relied on the annotations from InsPecT 

software version 2006.10.20.  It was run by using the default parameter settings.  

The database for Dictyostelium was downloaded from dictyBase 

(http://dictybase.org/) and the database for human sample was downloaded from 

human IPI database (http://www.ebi.ac.uk/IPI/IPIhelp.html).   

3.1.1 False Discovery Rate Quantification 

The calculation of false discovery rate is essential and also crucial in peptide 

identification problem.  We used a decoy database which consisted of shuffled 

proteins to quantify our false discovery rate.  Normally, InsPecT searches a database 

consisting of 50% shuffled proteins.  For any score threshold t, let Ft and Dt describe 

the number of spectra that hit the forward (respectively, the decoy) database with a 

score t or better.  We calculated false discovery rate at threshold t 

t

t

F

D
t =)FDR(  
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We tested with the database containing 1:1 mix of shuffled and valid proteins and 

chose a threshold t such that %1)FDR( =t to create a database of annotated spectra. 

The final training set consisted of 12224 spectra with 8500 charge 2 and 3521 

charge 3 peptides.  This training set was used for all model building.   

Note that spectra that fall below the threshold are not all false IDs.  Therefore 

we tested the performance of our approach by running against the same corpus of 

spectra.  Improvement was measured as the increasing number of spectra that 

exceeded the 1% false discovery rate threshold.   

3.2 Preprocessing 

3.2.1 Parent Mass Correction 

Correcting the observed parent mass is an important step for de novo methods.  

Q-TOF data have very high sensitivity, resolution and mass accuracy.   Here we 

proved that we do not necessarily need to perform parent mass correction on data from 

Q-TOF instruments.  Figure 3.1 plots the parent mass error in ppm (parts per million) 

on our training data.  We can see that 95% of total are within ppm100± of observed 

parent mass.  For the mass error with -1 Da off, Figure 3.2 shows 97% of total are 

within ppm90± of observed parent mass.  For the mass error with -2 Da off, Figure 

3.3 shows 98% of total are within ppm90± of observed parent mass. 
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Figure 3.1: Parent mass error plot.  It shows how many peptides in each interval of 
parent mass error there are.  Approximately 95% of total are within ppm100±  of 
observed parent mass. 

 

 

Figure 3.2: Parent mass error plot with -1 Da off.  Approximately 97% of total are 
within ppm90±  of observed parent mass. 
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Figure 3.3: Parent mass error plot with -2 Da off.  Approximately 98% of total are 
within ppm90±  of observed parent mass. 

3.3 Bayesian Network Model for Q-TOF 

When first making a Bayesian network model of InsPecT specific for Q-TOF 

data, we followed the structure of previous InsPecT model set forth by Stephen 

Tanner.  We included all 18 ion fragments in the network that are regularly observed 

in CID fragmentation.  In addition, nodes in the network also include associated meta 

data.  The ion fragments include C-terminal ions y, y + 1, y – H2O, y – NH3; 

N-terminal ions b, b + 1, b – H2O, b – NH3; doubly charged ions: y2+, y2+ + 1, y2+ – 

H2O, y2+ – NH3, b
2+, b2+ + 1, b2+ – H2O, b2+ – NH3.  The meta data include flanking 

amino acid to the break position, and spectrum sector type by which we divide mass to 

charge ratio into 5 equally sized bins. 
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Bayesian network requires a topological ordering for the directed acyclic graph.  

We ordered nodes based on our experience and biological intuition.  The order was: 

spectrum sector, flanking amino acid, and the fragment ion list as ordered above.  To 

estimate )S,,|( )(ijiCID IPIP π and determine the parents, or priors, for each node, we 

tabulated the values for these nodes for each cut of every spectrum in our training set.  

From this large table we calculated both entropy and mutual information.  In order to 

get the best connections between nodes in the network and keep the model simple, we 

choose at most two parents for a single ion.  The parents are chosen by the mutual 

information between the nodes.  For each node, we chose the top or top 2 nodes 

which have the largest mutual information to the node to become its parents.  The 

Bayesian network consisted of this set of )(iIπ as shown in Figure 3.4.  After the 

network architecture is finally constructed, the probability tables are stored internally 

as our Bayesian network model. 
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Figure 3.4: Our Bayesian network model for Q-TOF data.  The structure basically 
follows the previous InsPecT model.  The edges are determined by the mutual 
information between each pair of nodes.  Each node has at most two parents for the 
simplicity of the network and avoiding overtraining. 

3.4 Strategy for Improvement 

We tried to prove that it was necessary to include as many nodes as our previous 

model had, so we modified the model dramatically by reducing the number of nodes.  

The nodes were sorted by abundance and we only included the nodes which were 

common in our training data, which were the first five nodes in the abundance list.  

The result was not as we expected to be worse than our original 18-node model, but 

surprisingly gained a large performance improvement.  We did some experiments to 

acquire more knowledge about the network structure including the number of ions and 
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which set of ions should be presented in our model and intended to derive an improved 

Bayesian network model for Q-TOF data for InsPecT. 

3.4.1 Idea 

We approached the problem in two ways: sorting the nodes by abundance and 

sorting the nodes by entropy difference.  First of all, the idea with sorting the nodes 

by abundance is trivial since common nodes match with the spectrum frequently and 

thus contain more information.  Another idea of entropy difference comes from that 

we expected large information entropy of an ion in true annotation while there is less 

information entropy in the fake annotation data.  Fake annotation data were derived 

from InsPecT results with bad false discovery rate (FDR) (we picked the value as 99% 

FDR) and fake peptide annotation (we picked fake peptide annotation by choosing 

annotations with XXX denotation which means their annotations are from fake 

proteins).  We sorted the ions by entropy difference between true and fake annotation 

and started with three-node network which included the top three nodes in the list.  

We added ion in the network one at a time.   The lists of sorted ions in abundance 

order and in entropy difference order are in Table 3.1 and Table 3.2 respectively.   
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Table 3.1: Ions are sorted by their abundance.  Character I represents isotope and 2 
represent doubly charged ion.  For example, Y2I is the isotope of doubly charged 
y-ion.  We start with three-node network which contains B, Y, and YI for both charge 
2 and charge 3, and add ion one at a time.   

Number of nodes Charge 2 Charge 3 
2 B, Y B, Y 
3 add YI add YI 
4 add Y-H2O add Y2 
5 add Y-NH3 add Y-H2O 
6 add B-H2O add Y-NH3 
7 add YII add B-H2O 
8 add A add A 
9 add BI add YII 
10 add B-NH3 add Y2I 
11 add Y2 add BI 
12 add Y2I add B2 
13 add Y2-H2O add B-NH3 
14 add Y2-NH3 add Y2-H2O 
15 add B2 add Y2-NH3 
16 add B2I add B2-H2O 
17 add B2-H2O add B2I 
18 add B2-NH3 add B2-NH3 
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Table 3.2: Ions are sorted by their entropy difference between true and fake 
annotation.  Character I represents isotope and 2 represent doubly charged ion.  We 
start with three-node network and add ion one at a time.  For example, charge 2 
network starts with B, Y, and B-H2O and charge 3 network starts with B, Y2, and 
B-H2O. 

Number of nodes Charge 2 Charge 3 
2 B, Y B, Y 
3 add B-H2O add Y2 
4 add A add B-H2O 
5 add Y-NH3 add A 
6 add YII add Y-H2O 
7 add Y-H2O add Y2I 
8 add YI add Y-NH3 
9 add Y2 add YI 
10 add B-NH3 add YII 
11 add Y2I add B2 
12 add Y2-H2O add B-NH3 
13 add Y2-NH3 add Y2-H2O 
14 add BI add Y2-NH3 
15 add B2-H2O add BI 
16 add B2-NH3 add B2-H2O 
17 add B2 add B2-NH3 
18 add B2I add B2I 

 

 

Figure 3.5 and Figure 3.6 show the trends of percentage gain of identified spectra 

when there are different numbers of nodes in the network for charge 2 and charge 3.  

We can see the trends for both abundance sorting and entropy difference sorting.  For 

charge 2, we observed that network with 5 to 8 nodes performs better than network 

containing more nodes.  For charge 3, there is an obvious tendency to have better 
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result with 7 to 8 nodes and worse if there are more or less in the network.  This 

result clearly shows that the reduction in nodes included in the network significantly 

improves the discriminative ability for the scoring function.   

The reason why we have better discriminative ability with fewer nodes in the 

network has not been investigated because of the time constraint.  Overtraining on 

the original network is one of the considerations.  In Section 3.4.2 we did an 

experiment intending to find out the best combinations of nodes which will be our 

improved network.   

 

 

Figure 3.5: The percentage gain of identified spectra when there are different numbers 
of nodes in the charge 2 network.  Network with 5 to 8 node performs better that 
network with more nodes. 
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Figure 3.6: The percentage gain of identified spectra when there are different numbers 
of nodes in the charge 3 network.  Network with 7 or 8 node performs better that 
network with more or fewer nodes. 

 

3.4.2 3-best Combinations 

After having the idea of how the number of nodes in the network influences on 

our results, we did further experiments to acquire combinations of top three 

performances for different numbers of nodes.  We used this method to attempt to 

obtain an improved network for our scoring model.  In Figure 3.7 and Figure 3.8, we 

show two tree-like models for charge 2 and charge 3, respectively.  When we can 

look at the figures from left to right, each level contains the best three combinations of 

the ions.  Levels are from 3-node network up to 9-node network.  In each square 
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node, there are ions which are included in the network.  The edges simply represent 

that the successor is able to derive from its predecessor.  The percentage number next 

to each node is the percentage of identified spectra gain compared to the InsPecT 

2006.10.20 model. 

From Figure 3.7, the best ion combination for charge 2 appears at the top square 

on the 7-node level which contains ions B, Y, YI, A, B-H2O, Y-H2O, Y-NH3.  It 

gives us 37.51% of the identified spectra gain.  From Figure 3.8, the best ion 

combination for charge 3 appears at the second square on the 7-node level which 

contains B, Y, Y2, Y-NH3, Y-H2O, YI, A.  It gives us 57.68% of the identified 

spectra gain.  
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Figure 3.7: 3-best combinations for different numbers of nodes in charge 2 model.  
For each level, we presented 3 best combinations of the ions in the network. The 
percentage next to each square represents the percentage of identified spectra.
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Figure 3.8: 3-best combinations for different numbers of nodes in charge 3 model.  
For each level, we presented 3 best combinations of the ions in the network. The 
percentage next to each square represents the percentage of identified spectra
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Chapter 4 Results 
 

    We derived our improved Bayesian network for Q-TOF data from Figure 3.7 and 

Figure 3.8.  The network model for charge 2 is shown in Figure 4.1 and the network 

for charge 3 is shown in Figure 4.2.  After training, the new InsPecT program was 

run on the same corpus of spectra as training set (see Section 3.1).  The percentage 

gain in spectra identification is 37.51% for charge 2 ions and 57.68% for charge 3 ions 

compared to the InsPecT 2006.10.20 version.   

 A major problem for peptide identification by MS2 is the validation of the results.  

A number of factors will result in incorrect peptide identifications and there is no good 

way to generate a set of true positives.  However, we can generate a good collection 

of false positives.  In practice, the use of decoy database has been demonstrated as an 

effective and straightforward way to quantify the false discovery rate (Elias 2007).  

InsPecT uses a database of 1:1 mixture of valid and shuffled proteins to search.  The 

intuition is that all hits to shuffled proteins are invalid and our false discovery rate is 

determined as  

database) real (hit the protins  validhit to that peptides ofNumber 

database)decoy  (hit the proteins invalid hit to that peptides ofNumber 
 

And we tried to minimize this value.  In InsPecT output, we also reported this value 

as p-value for a match. 
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While having the model improved considerably compared to previous InsPecT 

program results, we also tried to acquire more QSTAR data and compared against 

other tools.  We tested our InsPecT program on a dataset generated from a QSTAR 

Elite instrument and compared to the results of Mascot program (Perkins, Pappin et al. 

1999).  Mascot identified about 25% more peptides IDs than InsPecT.  The reason 

for this may be that InsPecT was not originally trained on Q-TOF data but on LTQ 

(Linear Trap Quadrupole mass analyzer) (See Section 1.2 Mass Spectrometers for 

more details).  We improved the new model by focusing on the scoring stage in 

InsPecT (See Figure 2.1), especially for the cut score, which is the score we used to 

measure how likely the spectrum is created by that peptide (See Section 2.2 for 

details).  However, issues may arise during the initial tag-based filtering stage which 

filters the database (See Figure 2.1).  For instance, we may generate a wrong tag and 

filter out the correct peptide ID.  In addition, we use SVM model to calculate the 

final match score in InsPecT.  Different weights should be considered for Q-TOF 

data.  These may cause deficiencies of the current InsPecT program for Q-TOF. 

It is worth to know if the new network improves only the scoring or also the 

tagging.  We gathered the spectra identified by our improved network but excluded 

those identified by the full 18-ion network.  If the annotations exist in the raw results 

of the full 18-ion network, but not in the results after we filtered them by 1% false 

discovery rate, we can say that the new network improves the scoring discrimination.  

If these extra spectra do not even appear in the raw results of the full 18-ion network, 
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it means that the tags generated by our new network are different from those generated 

by the previous model and include a correct tag.  There are 6500(~7.73%) spectra 

which identified by the new networks but not by the full 18-ion network, and there are 

only 230(~0.27%) spectra which do not even appear in the raw result of the full 18-ion 

network.  Therefore, we obtained 7.73% spectra scoring improvement and 0.27% 

spectra tagging improvement. 
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Figure 4.1: Our improved Bayesian model of charge 2 ions for Q-TOF data. 

 

 

 

Figure 4.2: Our improved Bayesian model of charge 3 ions for Q-TOF data.
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Chapter 5 Discussion 
 

When finding the best combinations of the ion fragments, we have only done the 

experiments of 3-best combinations, which may limit the insight of the effects of the 

ions on the network performance.  Further experiments may do an exhaustive 

research which contains all possible combinations of ions for each level.  From the 

increasing or decreasing performance from node to node, we may investigate more 

deeply which nodes are more informative and discriminative.  In addition, the reason 

why fewer nodes perform much better than the full 18-ion network for Q-TOF data in 

InsPecT has not been analyzed properly.  

In current InsPecT software, we scored the annotations based on SVM model 

with 7 features: average cut score, PRM score, fraction of b and y peaks present, 

fraction of intensity explained, number of tryptic termini (if this is tryptic digest), and 

delta score which is the difference in score between the top match and its runner-up 

(Tanner, Shu et al. 2005).  These features all use the same weight in the model.  

However, there are some characteristics for Q-TOF data and could be considered 

regarding the weights.  For instance, the intensities of y peaks are much stronger than 

those of b peaks in Q-TOF data, so an adjustment on the weights of the fraction of b 

and y peaks present may lead to an improvement of accuracy. 

Testing methods have to be improved.  Other than presenting the performance 

only by identified spectra gain, we may also want to acquire more data and compare 
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InsPecT against more current known peptide identification tools such as Sequest and 

X!Tandem.   

More spectrum data are expected to do further research.  While we only used 

~80000 spectra, more data may provide us more sufficient information to investigate 

the improved Bayesian model.



45 

 

 References 

Aebersold, R. and M. Mann (2003). "Mass spectrometry-based proteomics." Nature 
422(6928): 198-207. 
 
Andersen, J. S., B. Svensson, et al. (1996). "Electrospray ionization and matrix 
assisted laser desorption/ionization mass spectrometry: powerful analytical tools in 
recombinant protein chemistry." Nat Biotechnol 14(4): 449-57. 
 
Anderson, N. L. and N. G. Anderson (1998). "Proteome and proteomics: new 
technologies, new concepts, and new words." Electrophoresis 19(11): 1853-61. 
 
Chen, T., M. Y. Kao, et al. (2001). "A dynamic programming approach to de novo 
peptide sequencing via tandem mass spectrometry." J Comput Biol 8(3): 325-37. 
 
Dancik, V., T. A. Addona, et al. (1999). "De novo peptide sequencing via tandem 
mass spectrometry." J Comput Biol 6(3-4): 327-42. 
 
DiMaggio, P. A., Jr. and C. A. Floudas (2007). "De novo peptide identification via 
tandem mass spectrometry and integer linear optimization." Anal Chem 79(4): 
1433-46. 
 
Eng, J. K., A. L. Mccormack, et al. (1994). "An Approach to Correlate Tandem 
Mass-Spectral Data of Peptides with Amino-Acid-Sequences in a Protein Database." 
Journal of the American Society for Mass Spectrometry 5(11): 976-989. 
 
Frank, A. and P. Pevzner (2005). "PepNovo: de novo peptide sequencing via 
probabilistic network modeling." Anal Chem 77(4): 964-73. 
 
Li, X. J., E. C. Yi, et al. (2005). "A software suite for the generation and comparison 
of peptide arrays from sets of data collected by liquid chromatography-mass 
spectrometry." Mol Cell Proteomics 4(9): 1328-40. 
 
Ma, B., K. Zhang, et al. (2003). "PEAKS: powerful software for peptide de novo 
sequencing by tandem mass spectrometry." Rapid Commun Mass Spectrom 17(20): 
2337-42. 
 
Payne, S. H., M. Yau, et al. (2008). "Phosphorylation-specific MS/MS scoring for 
rapid and accurate phosphoproteome analysis." J Proteome Res 7(8): 3373-81. 
 



46 

 

 

Perkins, D. N., D. J. C. Pappin, et al. (1999). "Probability-based protein identification 
by searching sequence databases using mass spectrometry data." Electrophoresis 
20(18): 3551-3567. 
 
Roepstorff, P. and J. Fohlman (1984). "Proposal for a common nomenclature for 
sequence ions in mass spectra of peptides." Biomed Mass Spectrom 11(11): 601. 
 
Tanner, S., H. Shu, et al. (2005). "InsPecT: identification of posttranslationally 
modified peptides from tandem mass spectra." Anal Chem 77(14): 4626-39. 
 
Taylor, J. A. and R. S. Johnson (1997). "Sequence database searches via de novo 
peptide sequencing by tandem mass spectrometry." Rapid Commun Mass Spectrom 
11(9): 1067-75. 
 
Taylor, J. A. and R. S. Johnson (2001). "Implementation and uses of automated de 
novo peptide sequencing by tandem mass spectrometry." Anal Chem 73(11): 
2594-604. 
 
 

 




