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ABSTRACT 

 
Protein identification using mass spectrometry is an important yet partially solved 

problem in the study of proteomics during the post-genomic era. The major techniques 

used in mass spectrometry are Peptide Mass Fingerprinting (PMF) and Tandem mass 

spectrometry (MS/MS). PMF is faster and economical compared with MS/MS and 

widely applicable in many fields.  Our work focus on the method development for protein 

identification using PMF data and this work covers three subjects: (1) Protein 

Identification scoring function development: we developed the Probability Based Scoring 

Function (PBSF) which is used to quantify the degree of match between PMF data and 

candidate protein. The derived score is used to rank the protein and predict the 

identification. (2) Confidence Assessment development: scoring function may lead to 

false positive identification since the top hit from a database search may not be the target 

protein. In addition, the identification scores assigned singly by a scoring function (raw 

scores) are not normalized. Therefore, the ranking based on raw scores may be biased. To 

address the above issue, we have developed a statistical model to evaluate the confidence 

of the raw score and to improve the ranking of proteins for identification. (3) Software 

development: we implemented our computational methods in an open source package 

“ProteinDecision” which is freely available upon request. 
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Chapter 1. Introduction 

 

Bioinformatics is originally developed for the analysis of biological sequences, 

and now in dealing with a variety of subject areas such as genomics, proteomics and 

structural biology, etc.  One definition of bioinformatics is “conceptualizing biology 

in terms of molecules (in the sense of physical chemistry) and applying ‘informatics 

techniques’ (derived from disciplines such as applied mathematics, computer science 

and statistics) to understand and organize the information associated with these 

molecules on a large scale” or in short “a management information system for 

molecular biology and has many practical applications.”  [1] As “Biological data are 

flooding in at an unprecedented rate” [2], one of the most challenges in biology has 

become the computing problem which will apply computational techniques to 

understand the knowledge associated with biology data. The intersection of biology 

and computer science is a proper approach due to three reasons: (1) The biology itself 

is information oriented. The genes which are coded with Adenine, Thymine, Cytosine 

and Guanine play the most important role in organism’s physiology and behavior. (2) 

The biology data are being generated at a much faster speed with advanced 

technology [3]. (3) The development in computer technology in CPU [4], memory, 

hard-disk storage and Internet is matched with the biology experiments processing 

power. With bioinformatics approach, researchers are able to develop tools and 

resources to analyze biology data or in use of prediction and discovery.   
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An important branch of bioinformatics study is proteomics, the large-scale study 

of proteins [5-6], which is the main component of the physiological metabolic 

pathways of cells and the vital part of an organism. Protein is a chain of amino acid, 

which has 20 types with specific molecular weight for each (except for leucine and 

isoleucine, both of which have the same molecular weight but different topologies). 

The sequence of amino acids will fold to specific structure and determine the protein 

functionality. The study of proteins is of great value in drug discovery, disease 

prevention, food authentication and agriculture industry, etc.  

 

1.1. High-throughput Data in Proteomics 

Proteomics study requires high-throughput data, which are always in genome 

scale, high dimensional and collected from multiple sources. Because of the defect of 

current high-throughput techniques, high-throughput data may contain different types 

of noises that will make negative effects on the data quality. However, the following 

characteristics of high-throughput data make it essential for bioinformatics study in 

the post genomic era. First, high-throughput data supply thousands of measurements 

per sample, and the sheer amount of related data increases the need for better models 

to enhance inference [7]; second, innovative computational models are in high 

demand to mining biological knowledge by using integrated data, such as microarray, 

serial analysis of gene expression (SAGE) [8] and mass spectrometry. Third, high-

throughput data is economical and time-saving in biological experiments.  The 
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challenges are to efficiently control the data-quality by performing the pre-processing, 

the reliability assessment and the validation process and to find the proper model to 

analyze the integrated data systematically.  

It’s known that genome-wide technologies to detect protein abundance are still 

lagging behind those that measure mRNA, and only few studies that measure protein 

abundance on a large scale are currently available [9-14]. Proteins are chemically 

modified in the phase of Post-Translational Modification (PTM) [15], in which the 

properties of a protein are changed by proteolytic cleavage or by adding of a 

modifying group to one or more amino acids. The PTM is vital to the protein 

functionality, and can determine the activity state, localization and interaction with 

other proteins.  

The basic idea of proteomics is to compare proteomes qualitatively and 

quantitatively under different conditions. Like microarray, proteomics uses Gels for 

separation and analysis of multiple proteins samples under different conditions in one 

batch.  The Gel Electrophoresis can be performed within one dimension (SDS-PAGE, 

IEF, Native -PAGE), two dimensions (2D-PAGE), or in a capillary. Several forms of 

PAGE exist and can provide different types of information about the proteins. Non 

denaturing PAGE, also called native PAGE, separates proteins according to their 

mass/charge ratio (m/z). SDS-PAGE, the most widely used electrophoresis technique, 

separates proteins primarily by mass. Two-dimensional PAGE (2D-PAGE) separates 
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proteins by isoelectric point in the first dimension and by mass in the second 

dimension. 

Another high-throughput technique is Mass Spectrometry, which can provide a 

pool of peptides from protein samples. By comparing the peptides pool to a protein 

sequence with pre-calculated peptide masses, the similarity between the protein 

sample and the protein in database can be scored. This approach can be applied in 

protein identification.  

 

1.2. Protein Identification Pipeline 

 Protein identification is to determine the composition of proteins in a sample of 

animal cells, bacterial or plant tissues, etc., often through mapping these proteins to 

known ones. It usually follows the pipeline of extraction, separation, mass 

spectrometry analysis and identification as shown in Figure 1. At the first step, 

proteins are extracted from organism; then the extracted samples will be sent to 

specific instrument for protein separation - the separated proteins deposit as spots in a 

2D gel, each of which representing a certain kind of protein; then a spot is picked up 

and put into mass spectrometry instrument for digestion and analysis; finally, the 

mass spectrum is generated, an algorithm is then applied to compare the mass 

spectrum with candidate proteins in database and score each of them. The top scored 

proteins are considered the best identification.  
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Protein Identification Flow Chart 
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1.2.1 Protein Extraction and Digestion 

The basic principles in protein extraction are to be efficient and to avoid 

degradation [16].  Efficient extraction is dependent on how to break the interactions 

between proteins to release the bound in macromolecular assemblies. For this reason, 

solubilization methods, such as solubilization with the ionic detergent sodium dodecyl 

sulfate (SDS) which can be subjected to 2-D PAGE can be applied for extraction. 

Such extracts is close to optimal [17].  To avoid degradation, it will work to set proper 

temperature for a short time.  

After the proteins are purified, the sample is ready for actual analysis, in which 

the protein is treated with specific protease and is cut into small pieces at specific 

amino acid sites. Different protease has different digestion site [18-19], for example, 

Trypsin cut proteins after Lys or Arg except when it’s followed by Pro; Chymotrypsin 

preferentially cleaves at Trp, Tyr and Phe in position P1(high specificity) and to a 

lesser extent at Leu, Met and His in position P1 [20]; Arg-C proteinase preferentially 

cleaves at Arg in position P1 [20]. The most widely used protease is Trypsin because 

its Arg/Lys specificity is seen very nicely with pure alpha- and beta trypsins [20]. In-

gel digestion breaks the OH-H bond between amino acids and forms the peptide 

fragments and water, as shown in Figure 2. 
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Figure 2. Trypsin digestion of a protein 

 

1.2.2 Protein Separation 

There are two approaches for analyzing protein mixture. One of them is based on 

Gel electrophoresis technique and the other is chromatographic method.   

As we discussed in Section 1.1, Gels can be used to separate the protein mixture. 

Unlike nucleic acids, proteins have different charges, so that they will deposit into gel 

at different rates under different electromotive forces. Since proteins are denatured in 

the presence of detergent, and denatured proteins lose their structure, the proteins with 

detergent such as sodium dodecyl sulfate (SDS) deposit into gel with rates only 

depending on its mass [21]. The 2D-gel technique is an extension application of the 

SDS technique, in 1-D electrophoresis, proteins lie along a lane, separated from each 

other by a property such as isoelectric point (pI). Then in the 2-D, the aligned proteins 

are separated by their mass using SDS. Because it is unlikely that two proteins are 

similar in both pI and mass properties, proteins are more effectively separated in 2-D 

electrophoresis than in 1-D electrophoresis [22]. 
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Chromatographic is another widely used technique to separate or to analyze 

complex mixtures, which are distributed between stationary phase and mobile phase. 

When processing with a mixture, different components are passed through the system 

at different rates. The absorptive materials will then repeatedly take 

sorption/desorption actions during the movement of the sample over the stationary 

bed. The spent time is determined by the molecular stationary phase. The main 

chromatographic methods include Liquid chromatography (LC), Gas 

chromatography, Affinity chromatography and Supercritical fluid chromatography 

etc. In Liquid chromatography, the High Performance Liquid Chromatography 

(HPLC) is used most frequently.  

 

1.2.3 Mass Spectrometry Analysis 

The Mass Spectrometry Analysis procedure is an important step in the pipeline. 

The main purpose is to quantify the sample peptide fragments and generate the mass 

spectrum which visualizes the peptide abundance and distribution in a 2-D Figure. 

When protein is separated, two processes will be applied to the sample.  

The first process is ionization, which can convert atoms or molecules to gas-

phase ions by adding or removing charged particles. Matrix Assisted Laser 

Desorption (MALDI) allows the analysis of biomolecules such as proteins and 

peptides [23-25].  The ionization is triggered by a laser beam and a matrix is used to 

protect the biomolecule from being destroyed. Electronspray Ionization (ESI) is a 
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powerful technique for producing ions from large and complex species [26]. It is more 

powerful for large molecules because it can handle the peaks with multiple charged 

ions. Compared with MALDI, which usually come up with direct ionization of 

peptide mixture in solid state, ESI is always used with LC/HPLC technique, which is 

related with ionization in liquid. 

The second process is the mass analyzer which is used to capture ions and 

separate ions according to their mass-charge ratio (m/z). There are several techniques 

being used in chemistry industry including sector [27], time of flight (TOF) [28], 

quadrupole, quadrupole ion trap [29], Fourier transform ion cyclotron resonance (FT-

MS) [30-31], etc. The time-of-flight (TOF) analyzer accelerates ions by using electric 

power and measures the time that is taken to the detector. If the prior process is using 

MALDI technique in converting molecules to ions, the charges are always identical; 

therefore the velocities of the ions only depend on their masses.  

 

1.2.4 Protein Identification 

From the Section 1.2.1 to Section 1.2.3, proteins are extracted, cleaned, separated 

and digested through a series of biological experiments. The protein data are finally 

transformed into mass spectrometry, which can be used for protein identification. The 

protein identification methods can be summarized into two categories, one of which is 

de novo sequencing and the other is identification by database search. The de novo 

sequencing method [32] requires well executed MS based protein study, but not for 
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most cases; therefore, the database search method has much broader application. 

Major methods of protein identification apply mass spectrometry (MS) and database 

search, in which heuristic algorithms are designed to assign scores for all the 

candidate proteins in a database. The general approach for MS protein identification is 

to match the features derived from the MS spectrum of a protein sample with the 

database that contains the sequence fragments of a protein digested by specific 

enzyme. The degree of the match is quantified with a score which can be ranked to 

reflect the search result. A good score function will rank the correct protein to the top 

of the searching result while a bad one may have more false positive in the list.  

 

 

Figure 3. protein identification 
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At the experiment stage, protein samples are collected first. Then with an 

extraction instrument, the proteins are separated from the samples and precipitated at 

different spots in a 2D gel page [33] according to their molecular weights and pI 

values. By selecting a specified spot in the gel, the corresponding proteins will be 

mixed with specific enzyme and digested into small pieces. Finally the MALDI-TOF 

will generate the peptide mass fingerprinting (PMF) spectrum [34-35] for protein 

identification. At the computational stage, all candidate proteins in searching database 

are theoretically digested using the same enzyme. The simulated spectrum for each 

candidate is created for comparison. The common PMF protein identification is 

carried out through two steps: (1) the experimental PMF spectral peaks are compared 

with simulated ones, and (2) the proteins in the sequence database with best matches 

are considered the top candidates for proteins in the experimental sample. 

Unlike 2D gel, PMF provides at least some sequence-level information for 

protein identification. The PMF of a protein is like a fingerprint, which is unique to 

the molecule or represents a small population of the proteins in the database. With an 

enzyme digestion, a collection of peptides with the masses (or mass-to-charge ratios) 

identified from the PMF spectra will be mapped to known proteins. The use of the 

fingerprint to identify proteins relies on the ability to search sequences that is already 

present in databases. Hence, it is important that the organism has the whole genome 

sequences so that all the proteins can be determined or predicted. When the whole 

genome sequence is unavailable, researchers often search an MS spectrum against the 
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whole protein database (such as Swissprot), trying to identify a protein in another 

species that is highly similar to the homolog in the native organism.  

 

1.3. Mass Spectrometry Technology 

Mass spectrometry (MS) is an analytical technique that identifies the chemical 

composition of a compound or sample based on the mass-to-charge ratio of charged 

particles [36]. The development of MS is marked by three milestones: the creation 

period from the beginning of 20th century to 1950s; the prosper period from 1950s 

to1980 and the quick development period from 1990s until now. In 1899, Joseph John 

Thomson [37-38] invented the first mass spectrometer and found the isotopes of 

Ne20/Ne22 and electricity; in 1919, Francis William Aston made the first speed 

focusing mass spectrometer; in 1946, William E. Stephens promoted the concept of 

time-of-flight analyzers [39]. In 1953, the first annual conference on mass 

spectrometry was held. During this period, chemical ionization, fast atom 

bombardment, reflectron TOF techniques were all developed very quickly.  In 1980s-

1990s, ESI and MALDI were invented, illustrating the revolutionary development in 

mass spectrometry technology.  

 In this section, we introduce the most popular two techniques: Peptide Mass 

Fingerprinting (PMF) and Tandem Mass (MS/MS).  
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1.3.1 Peptide Mass Fingerprinting (PMF) 

The first technique used for protein identification using Mass Spectrometry is 

PMF which became popular in early 1980s. The Mass Spectrometric technology at 

that time was used to deal with the proteins in gel sample including the process of 

quantification and qualification. Before analysis, the gel samples need to be washed, 

purified and then extracted. The extracted proteins are separated using Electrophoresis 

technique such as 2D gel. Proteins represented by the spots are digested using 

particular protease such as Trypsin into pieces of peptides and these peptides will be 

ionized by specific mass spectrometry machine. A widely used Mass Spectrometer is 

MALDI-TOF which is commonly for PMF approach. The distribution of the m/z was 

recorded in the spectrum for comparison. Theoretical and experimental values are 

compared. Scoring schemes are design to quantify the match between the 

experimental spectrum and each protein entry in the database. The best scored 

proteins are considered the candidates for the prediction of the unknown protein. PMF 

methods are simple and direct so that it is economical and fast.   

 

1.3.2 Tandem Mass (MS/MS) 

Tandem Mass Spectrometry (MS/MS) is another commonly used technique in 

proteomics. It is always used when accurate analysis of proteins is required. The 

sample proteins are digested with specific protease such as Trypsin which is the most 

commonly used enzyme in Mass Spectrometry analysis. There are two steps in the 
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analysis. The first step is to use the MS as a separation unit. Individual tryptic 

peptides are separated and quantified in the first MS ion separation chamber and then 

they are are selected and sent to the next MS chamber. There is a mass list that 

contains all tryptic peptides which are produced by the first MS. They are known as 

Precursor or Parent ions scan (PIS). The list of tryptic peptides may contain proteins 

from other sources such as contaminant proteins. The peptides from contaminant 

proteins are also reflected in the mass spectrum but they are actually noise in the list. 

The important thing is to effectively select mass to send to the next step to perform a 

future analysis.  

In the second step, MS ion chamber breaks the peptide which is sent from the 

step one. The peptide will be broken into amino acids. This provides the signature of 

individual amino acids for the unknown proteins [40] so that it gives more 

information than the PMF especially when the molecular weights of peptides are 

equal but the sequences are different, MS/MS can distinguish the cases. MS/MS 

process is more accurate than PMF but is time consuming and costly.  

 

1.4. Materials and Database 

1.4.1 Materials 
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A given proteome often contains high diversity of protein complex. Since it is 

hard to achieve both qualitative and quantitative coverage of all these proteins, most 

researchers have been focused on selected subset for specific interest.  

Over the last few years, the number of proteomics studies has been increasing 

quickly, many research groups have been able to efficiently generate data based on 

the improved resolving power of mass spectrometers. However, the increasing 

amount of challenge comes that the quality of the data has been decreasing from the 

overall perspective. This requires compatibility of data interpretation, which makes 

the computation analysis of proteomics data more and more important. 

 

1.4.2 Database 

The database used for protein identification is sprot45 from UniProtKB/Swiss-

Prot (last updated in January 2005), together with the 40 proteins from soybean 

(generated after January 2005) that we have identified but not included in the 

database. The database has 163,275 proteins in total, and it is formatted in a specific 

form, including eight fields for each entry: accession number, peptide number, peptide 

sequences, peptide masses, peptide lengths, protein sequence, protein name, and 

protein molecular weight. (This is a self-defined database format for preprocessing. 

We provide a package to transform a FASTA sequence file into this format.) The 

molecular weight of a peptide of N residues is calculated as  
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1
_

n

i water
i

residue mass mass
=

+∑
         Equation 1 

 

In Equation 1, there are two ways of calculation for amino acid mass: Average 

mass or Monoisotopic mass. This is due to different composition of Carbon isotopes 

in the chemical structure of amino acid. Considering in most cases Monoisotopic 

mass rather than Average mass will result in more accurate prediction, we build our 

database based on the Monoistopic mass calculation. Equation 1 takes into account an 

amino-terminal hydrogen and a carboxy-terminal hydroxyl group, which sums up to 

18.015.  

In our study, we only consider complete Trypsin digestion of a protein and 

peptide without including any missed cleavage. In addition, we assume that the charge 

state of all the peptides is 1 and no post-translational modification exists in any 

peptide. We use only mono-isotopic peaks.  

 

1.5. Existing Computational Methods 

Several computational tools have been developed for PMF protein identification. 

MOWSE [42] was an earlier software package for PMF protein identification, and 

EMOWSE (http://www.hgmp.mrc.ac.uk/Software/EMBOSS/Apps/emowse.html) is 

the latest implementation of the MOWSE algorithm. MS-Fit in the Protein Prospector 

package (http://prospector.ucsf.edu/) [43] uses a variant of the MOWSE scoring 
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scheme. It incorporates several new features, including constraints on the minimum 

number of peptides to be matched for a possible hit, the number of missed cleavages, 

and the target protein’s molecular weight range. Mascot (Matrix Science Inc., 

http://www.matrixscience.com/) [44] is an extension of the MOWSE algorithm. It 

incorporates the same scoring scheme, but provides a probability-based score. 

ProFound (http://prowl.rockefeller.edu/) [45] uses the Bayesian probability theory and 

an Expert System for protein identification, with a generalized probability score. 

OLAVPMF [46] applies a probabilistic model to estimate the ratio of two likelihoods 

between a list of experimental peptide masses and the corresponding list of expected 

ones. Probity [47] analytically calculates the risk of random matching between 

experimental masses and theoretical masses of a protein in a search database. 

ChemApplex considered peak intensity and the accuracy of the match between the 

experimental mass and the theoretical mass in the scoring function [48]. Ossipova et 

al. [49] developed a method to optimize the parameters for PMF protein identification 

in database search. In this section, we will describe MOWSE, Profound, Protein 

Prospector and NDSF briefly.  

 

1.5.1 MOWSE 

MOWSE [42] is one of the earliest scoring schemes in protein identification 

using PMF data, which is still widely applied. The scheme is based on the number of 

possible matches within a target protein and the occurrence of the molecular weight of 
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each peptide. A frequency table is constructed for all peptide entries in the database. 

Each column in the frequency table represents the molecular weight of the protein and 

is divided into 10 kDa intervals. Rows represent the molecular weight of peptides and 

are divided into 100 Da intervals. Proteins found in the database are entered into the 

table based on their molecular weights and the weights of peptides found in each 

protein. Each cell thus comprises the occurrence of peptides within a specific 

molecular weight range in a protein of certain intact molecular weight. The frequency 

table is constructed by normalizing the value in each cell with the largest number 

found in each column. Specifically, the frequency ijf in ijcell is max/ij ij jf N N= , 

where max 1 2max{ , ,...}j j jN N N=  is the largest number in column-j. For protein 

identification, each protein in the target database is scored by multiplying the 

frequency value of the matched peptide, the molecular weight of which differs from 

the experimental spectral peak within a cutoff value (typically 1 or 2 Da). This 

product is scaled with the protein molecular weight and then inverted. The final 

50000 /( * )n pscore p w= , where np is the product of matched distribution scores 

and pw is the ‘hit’ protein molecular weight in the database. 
( ),

n ij
i R l l H

p f
= ∈

∝ ∏ where R(l) 

represents the row number of the table for the l-th fragment of the mass spectra, and H 

is the set of the matched fragments of the mass spectra with the protein.  

 

1.5.2 Profound 

ProFound [45] is an Expert System for protein identification. It employs a 
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Bayesian algorithm to identify proteins from protein databases using mass 

spectrometric peptide mapping data.  The algorithm applies the properties of 

individual protein as well as other information relevant to the peptide mapping 

experiment.  Bayesian probably theory has been widely used in scientific problems 

and statistic inference. When data is incomplete, it is robust to the quality of mass 

spectrum. Scoring scheme in ProFound utilizes the peptide information along with the 

protein information and the database information integrated into a generalized 

probability score.  

 

2
0max min

2
1 1

( )( )! 2( | ) ( | ) { exp[ ]}
! 2

igr
i ij

pattern
i ji i

m mN r m mp k DI p k I F
N π σ σ= =

−− −
∝ × −∏ ∑  

Equation 2 

 

With the condition that ( | ) 1
k in database

p k DI
  

=∑ , the probability for hypothesis k 

given data D and background information I is given by Equation 2, where k indicates 

the protein in study which is an entry in the protein database; D is the experimental 

data and I is the background information. In Equation 2, N is the number of peptides 

generated by theoretical digestion of protein k, r is the number of matches between 

mass of theoretical peptides and experimental values, (mmax – mmin) is the range of 

measured peptide masses; mi is the measured mass of the ith hit, which has 

multiplicity of gi which is the number of theoretical peptides that match mi, mij0 is the 
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calculated mass of the jth peptide in the ith hit; σi is the standard deviation of the mass 

measurement at mass mi; and Fpattern is the weight which determines whether peptides 

are overlapping or adjacent.  

1.5.3 Protein Prospector 

Protein Prospector [43] was developed for all types of Mass Spectrometric 

analysis for protein identification. MS-Fit within Protein Prospector deals with protein 

identification using PMF data. With new features incorporated in MOWSE, Protein 

Prospector adds some constraints to narrow the searching space and hence to increase 

the prediction accuracy. The constraints include the minimum number of peptides that 

are matched, the consideration of missed cleavages, target protein MW and options 

for searching with Mono-isotopic or Average Mass. The matching tolerance can also 

be set and the unit can be in ppm or Da.  

Like MOWSE, Protein Prospector also uses frequency table but differs in 

creation of bins. Frequency table columns are divided into 11 columns. The first ten 

columns have interval of 10k Da while the 11th column for proteins whose molecular 

weight falls above 100k Da. Frequency table rows are divided into 30 rows each of 

width of 100 Da and all peptides weighing above 3000 Da are not binned. Peptides 

with no missed cleavages contribute 1.0 to the bin total whereas peptides containing 

missed cleavages contribute “pfactor” value which is supplied by the user. 

Peptides mass from theoretical digestion are divided into scoring matches and 

non-scoring matches. Unmatched peptide masses are ignored for score. Score for each 
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matching mass is assigned from the normalized frequency table. In the case of 

multiple matching masses the scores are multiplied together. Similar to MOWSE 

scoring scheme the final product score is inverted and normalized to an average 

protein molecular weight of 50 k-Da. Protein Prospector does not provide any 

confidence assessment methods and returns top hit proteins for identification.  

 

1.5.4 Normal Distribution Scoring Function (NDSF) 

To make use of the peak intensity and the quantitative difference between the 

experimental mass values of selected peaks and matched mass values in the protein 

database, Normal Distribution Scoring Function (NDSF) [50] was developed as 

describe in Equation 3: 

2

2

( )1( * exp( ))
22

i i
i

i ii

mt meScore Int
σπ σ
−

= −∑
   Equation 3 

In Equation 3, imt is the mass of theoretical peptide in the database, ime is the 

mass of matched experimental peak, iInt is the corresponding intensity value for the 

experimental peptide, and 1 *
3i itolerance meσ = (typically tolerance = 100 ppm = 

0.01%). NDSF assumes that all mass matches between theoretical peptides and 

experimental peptides follow a normal distribution with the matched input m/z as the 

mean and standard deviation as one third of the tolerance value total range for 

matching this m/z value as 99% of data in normal distribution. Distribution of 99% of 

data in normal distribution lies between μ ± 3σ or ime ± (tolerance* ime ). Standard 



 22

deviation was derived using this analytical form. Probability ( )ip x mt= , modeling 

closeness of match as normal distribution, could be interpreted as the numerical value 

of how close the random variable matches to the mean value are in a scale of 0 to 1. 

This value is utilized as the weight for matching with experimental value ime . The 

final scoring scheme is the weighted sum of mass of all matching peptides from query 

protein.  

 

1.5.5 Protein Identification Methods for Tandem Mass 

The protein identification methods for tandem mass contain a lot of toolkits such 

as SEQUEST, Mascot and X-Tandem. SEQUEST is the original, and still one of the 

best softwares that deal with MS/MS spectra of peptides with the amino acid 

sequences from protein databases. SEQUEST is the search engine sold by Thermo 

Finnigan with its mass spectrometers. Sorcerer, a special hardware platform for 

running an optimized version of SEQUEST, is available from Sage N Research. 

DtaSelect is a program that organizes SEQUEST results; Mascot is a widely used 

program that also uses mass spectrometry data to identify proteins from protein 

databases. It can handle both fingerprinting data and tandem mass data. Mascot 

provides help pages online and limited way for free use on the web; X-Tandem is a 

very fast search engine which searches for matches of MS/MS spectra to a protein 

database. X-Tandem takes advantage of information from previous searchers and has 
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an option to search only the first peptides that have been found most frequently for 

each protein. This can speed searches up by a factor of 20. 

 

1.6. Dissertation Structure 

In this dissertation, we present the contents in five chapters. The first chapter is 

the introduction, background technology and existing algorithm in protein 

identification. The second chapter discusses our scoring schema, simulation and 

result. The third chapter is focused on the confidence assessment of scores. In the 

fourth chapter, we introduce the software that has been implemented.  Finally we will 

discuss the future work.   
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Chapter 2. Protein Identification Scoring Functions 

 

2.1. Introduction 

We have discussed in Chapter one that there are two approaches for protein 

identification, i.e., the de novo sequence approach and database search approach. The 

de novo sequence approach requires the expertise of highly experienced protein mass 

spectrometrists, therefore not robust for consistent and routine analysis. In addition, 

the solution covers only partial peptide sequences so that not all sequences can be 

obtained by this approach. The solution sometimes conflicts and hard to be 

distinguished from the false candidate.  Due to these reasons, de novo approach is no 

longer the most popular method in protein identification. Instead, mass spectrometry 

technology and database search are widely used in order to identify proteins. An 

efficient computation tool is necessary to quantify the match between mass spectrum 

and each candidate protein in database.   

The scoring function is the tool that will quantitatively measure the match for 

identification. The basic function is to evaluate the degree of match between a 

collection of peptides (digested from a protein) and a collection of peaks (selected 

from mass spectrum) and map it to a score calculated by a mathematical formula. 

Each peptide has its molecular weight known for comparison while each peak has two 

factors known: the mass charge ratio and the peak intensity. A good scoring function 

will consider these the known factors and balance them well so that lead to the result 
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with the best sensitivity and specificity. The challenges are focused on the following 

two points: (1) How to evaluate the factors’ contribution to the score. (2) How to 

design a model to integrate these factors and balance the effects so that the model will 

produce a good result. 

 

2.2. Data Sources 

In order to provide benchmark data for the computational studies, we used two 

set of data. One set includes seven proteins, which yielded 12 gel spots. In-gel trypsin 

[41], digests were performed for the Coomassie-stained 2-D gel plugs. The digests 

were dried on a centrifugal evaporator, reconstituted, and desalted on C18 ZipTips. 

The desalted digests were analyzed by MALDI-TOF MS with CHCA in the positive 

ion delayed extraction reflector mode. After the sample spots were washed on target 

with diammonium citrate to reduce the interference from matrix ion clusters, they 

were reanalyzed by MALDI-TOF MS in positive ion delayed extraction reflector 

mode. The 12 spots are from six species Aspergillus niger, Bovine, Lens culinaris, 

Horse and Soybean, respectively, and include seven proteins Glucoamylases, Trypsin 

trypsinogen, Lentil lectin, Myoglobin, Beta-Lactoglobulin, Carbonic anhydrase I and 

Trypsin inhibitor as shown in Table 1. 
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Table 1. Gel Spots of Protein Standards  

Gel Spot  Protein Name  Species  Swiss‐Prot ID 

Plug1  Glucoamylases  Aspergillus niger  P04064 

Plug2  Trypsin(trypsinogen)  Bovine  P00760 

Plug3  Lentil lectin  Lens culinaris(lentil)  P02870 

Plug4  Myoglobin  Horse  P68082 

Plug5  Beta‐Lactoglobulin  Bovine  P02754 

Plug6  Carbonic anhydrase I  Human  P00915 

Plug7  Trypsin inhibitor  Soybean  P01070 

Plug8  Trypsin inhibitor  Soybean  P01070 

Plug9  Beta‐Lactoglobulin  Bovine  P02754 

Plug10  Beta‐Lactoglobulin  Bovine  P02754 

Plug11  Myoglobin  Horse  P68082 

Plug12  Trypsin(trypsinogen)  Bovine  P00760 

 

We also use another set of data the soybean provided by the lab of our 

collaborator Dr. Gary Stacey. The proteins (600 mg) were extracted from soybean 

(cvWilliams 82) and root hair, which were separated by 2-DE (24 cm IPG strip, linear 

pH 4–7). Four replicates were performed and gel pictures were analyzed using 

Phoretix (nonlinear dynamics, v2005). Spots identified in at least three out of the four 

replicates were excised using a spot picker and their molecular weights and pIs were 

determined. The gel plugs were then digested using sequencing-grade modified 

trypsin (Promega, Madison, Wisconsin USA). Tryptic peptides were lyophilized, 
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reconstituted in 10 mL of 700:290:10 by volume ACN/water/formic acid and 0.5 mL 

of the solution was mixed with the same volume of a-cyano-4-hydroxycinnamic acid 

(Fluka MS-grade, Sigma–Aldrich, St. Louis, USA) solution (5 mg/mL in 

500:380:20:100 ACN/water/10% TFA/100 mM ammonium dihydrogen phosphate). 

The sample/matrix (0.3 mL) mix was deposited on a stainless-steel plate (ABI01-192-

6-AB). The tryptic peptides were analyzed on an Applied Biosystems Inc. 4700 

MALDI TOF/TOF MS in positive ion delayed extraction reflector mode with a 355 

nm (200 Hz) laser. The instrument was calibrated with ABI peptide standards (4700 

Mass standards kit, 4333604). Spectra were analyzed using the GPS Explorer 

software (v. 3.0) (Applied Biosystems) and the Matrix Science’s Mascot search 

engine (www.matrixscience.com) against the NCBI Viridiplantae protein database. 

Search parameters include a maximum of 150 ions per MS spectrum with an S/N.20; 

a mass error of 0.1 Da for the mono-isotopic precursor ions, a maximum of one 

allowed mis-cleavage by trypsin, an exclusion of peptide masses corresponding to the 

autolysis of the trypsin, carbamidomethylation of cysteines and methionine oxidation, 

respectively as fixed and variable modifications. Forty proteins were identified 

confidently with the MS/MS mode, and we used their corresponding MS 

fingerprinting data as the inputs for our tests of scoring schemes. We assume that a 

test protein identification is correct if our search using the fingerprinting data matches 

the protein identified from the MS/MS data. 
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2.3. Scoring Function 

2.3.1 Scoring Function Review 

There are several limitations for the current computational methods of PMF 

protein identification, which may result in under-utilization of the available 

information content in PMF spectra for protein identification. We will discuss this 

issue in this section.  

A general issue is the scoring function, which assesses the match between an 

experimental spectrum and a simulated spectrum in a protein database. Current 

scoring functions use simple statistics, which typically do not consider peak intensity 

information, distribution model of matching m/z in a database, or the distribution of 

m/z matches along a protein sequence. When multiple proteins in the database can fit 

the PMF spectra, some of the existing scoring functions may not filter out false-

positive results effectively. If these limitations can be addressed effectively, many gel 

spots can be identified confidently without using MS/MS experiments for further 

validation. 

 

2.3.1.1 MOWSE 

We have introduced MOWSE algorithm in Chapter one. Compared with 

previously used scoring functions which were based on the count of matched peptides 

only, MOWSE takes advantages for integrating statistics to the algorithm. This 
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statistics is more informative since it reflects the properties of peptides in the search 

database. The basic idea of MOWSE is that, if a protein is frequently appeared in the 

database, the match of the protein by chance should be correspondingly frequent, 

therefore, the score for this match should be punished; on the contrary, if a protein is 

sparse in the database, a match of this protein should be rare commodity so that the 

score should be awarded. MOWSE scoring function has no bias towards the peptides, 

whatever proteins they are digested from, the scores are calculated only by the match 

of a mass spectrum peak. This characteristic may help find proteins in a protein 

complex sample. 

 Although MOWSE brought forward the idea which utilizes statistic in scoring 

function, the model it uses is not efficient enough. The problem is that MOWSE gives 

the score that is proportional to the inverse of the frequency but this score is arbitrary 

and cannot be statistically interpreted.   Another problem with MOWSE is that 

MOWSE scoring scheme does not include all possible information such as mass 

spectrum peak intensities.  Without the intensity information, each selected peak from 

the mass spectrum will be equally treated in the scoring function so that the protein 

samples abundance information is discarded.   

 

2.3.1.2 ProFound 

As we introduced in Chapter one, ProFound applies the bayesian probably theory. 

The algorithm ranks protein candidates by taking into account individual properties of 
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each protein in the database as well as other information relevant to the peptide 

mapping experiment. When data is incomplete, it is robust to the quality of mass 

spectrum.  It identifies the correct proteins well when the data quality is relatively low 

or when the sample consists of a simple mixture of proteins.  

For protein samples that are pure or with a high quality, ProFound does not have 

the advantages. Since it’s using Z scores to derive the probability of occurrence of a 

score greater than or equal to the identified score, it provides the p-values for the 

confidence assessment. However, the statistics used in ProFound is not specific 

enough to provide accurate prediction.  

 

2.3.1.3 Normal Distribution Scoring Function 

Normal Distribution Scoring Function (NDSF) considers the degree of match in 

the scoring function. The assumption is that the match between the experimental mass 

value of selected peaks and peptides in the database can be quantified. This quantified 

match follows the normal distribution so that for any pair, the molecular difference 

can be mapped to a unique variable in a normal distribution whose mean is defined as 

zero and standard deviation is one third of the molecular weight of the matched 

experimental peak multiply by the tolerance. So a closer match will be mapped to a 

variable closer to zero in the normal distribution, getting a higher probability density 

function as the score. NDSF integrates peak intensity in the scoring function which 

takes advantages than many previous scoring functions. 
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The problems for NDSF are from two aspects: (1) the assumption that the match 

between experimental peaks and theoretically digested peptides follows normal 

distribution is not validated. Since peptides molecular weights are sequence based 

which is considered to have the characteristic of a particle, it might be more likely to 

follow Poisson distribution. (2) the intensity need to be normalized before being taken 

account into the scoring function because the intensity is always in big fluctuation and  

does not reflect the abundance of a peptide proportionately.  

 

2.3.2 Probability Based Scoring Function 

2.3.2.1 Framework 

To make better use of the statistical properties and to handle these properties in 

PMF protein identification more systematically, we developed our new scoring 

scheme Probability Based Scoring Function (PBSF) and its extension model Modified 

Probability Based Scoring Function (MPBSF). Both of them are based on the 

MOWSE frequency table with more accurate statistic. 

We work on the frequency table based on the two facts: 

1. Frequency table is the mining result of the search database. It reflects the 

peptides statistics in a direct way.  

2. MOWSE and Mascot were both built on this table which has proved it 
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applicable in protein identification. We believe there are more accurate 

statistic can be deduced from that.  

 Figure 4 shows how a peptide contributes to the frequency table.  

 

 
Figure 4. An example that how a peptide contributes to the frequency table 

 

When a protein in the search database is selected, each digested peptide will be 

mapped to the frequency table according to its properties: its molecular weight and 

the parent protein’s molecular weight. Since all peptides have the same parent protein, 

they will contribute to a single column in the table. The table construction procedure 

will stop until all the proteins in the database go through. 

With the frequency table, one can assess the matching between the implied 

fragment molecular weights in the spectra and the peptide patterns of a protein in the 

search database. When the difference between two peptide weights is within a 
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tolerance value, it is regarded as a “hit” or match. We use iPEP to denote the peptides 

from row-i and jPRO to denote the proteins from column-j for easy understand.  

With the given spectrum w, we define 1P ( | ) ij

j

m
x w

M
=  to represent the 

probability of a peptide x whose host protein is from jPRO belonging to iPEP , 

where ijm indicates the number of peptides in ijcell per jPRO and jM indicates the 

average number of peptides per jPRO i.e. 
1

N
j iji

M m
=

= ∑  where N is the total 

number of rows in the table. Computationally, | |
ij

ij
j

cell
m

PRO
= . Clearly, 

2P ( | ) 1 ij

j

m
x w

M
= −  indicates the random probability of x not belonging to ijcell . 

Then we define 3 2P ( | ) 1 P 1 (1 )
knk ij

ijn ij

j

m
x w

M
= − = − −  to represent the probably that at 

least one peptide from protein-k belongs to ijcell . Here we assume the independence 

of the peptides in ijcell . 
k

ijn is the number of peptides (an integer) in ijcell of the 

frequency table for protein-k, which is from jPRO . Considering that the false-

positive fragments from spectra will decrease the accuracy of prediction, we only 

include the true-positive fragments (matched peaks) into our scoring schema. 

Assuming the matched peptides (from database side) are independent of one another, 

the joint probability ( | )p k w for a match between w and k is given by equation 4, 

illustrating the probability that the protein-k contains those matched peptides simply 

by chance. The higher value of ( | )p k w , the lower score for protein-k. 

( ),

Pr( ) [1 (1 ) ]
k
ij

k

nij
k

i R l l H j

m
P

M= ∈

= − −∏             Equation 4 
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where Pr( )kP represents a likelihood for protein k matching with the fragment 

peptides of the experimental mass spectrum. kH is the set of the matched fragments of 

the mass spectrum with protein k . 

If we consider the peak intensity information, we want to award the score of the 

matched peaks whose intensity is high, thus we need to punish the probability 

matched by chance.  In Section 2.3.2.3, we will discuss about the normalization of 

intensities. Here we simply integrate the peak intensity factor and we modify 

Equation 4 to Equation 5 as shown below: 

( ),

Pr( ) {[1 (1 ) ](1 )}
k
ij

k

nij
k l

i R l l H ij

m
P I

M= ∈

= − − −∏      Equation 5 

 

where lI is the normalized intensity ([0,1]) of the l-th spectrum, i.e., 

 

                             Equation 6 

In Equation 6, we applied the sigmoid model to normalize the intensity. ˆ
lI is the 

original intensity in the spectrum, I is the average intensity for all selected peaks, and 

α  is a constant.  

By considering the non-matched peptides contribution to the probability score, 

Equation 6 can be extended to Equation 7 
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Equation 7 

The second product term represents the joint probability for non-matching 

peptides. However, mass spectrum contains much noise that counting in non-

matching contribution will make big fluctuation of the prediction result when 

selecting peaks from mass spectrum, we finally use Equation 5 and adopt -logPr(Pk) 

as the PBSF score for protein identification. 

2.3.2.2 Dependency of Peptides and Protein 

In Section 2.1.1, we introduce that our theory is based on the frequency table 

which contains the statistic information of peptide distribution. The reason why we 

apply this statistic to our scoring function is based on two facts: 

1. The statistic reflects the property of the search database. By using this property, 

the prediction accuracy is expected to be better than general statistic model which has 

no pertinence.  

2. This statistic is mined from search database so that the mining procedure can be 

performed right after the search database is fixed. In other words, the mining producer 

is independent with the scoring function and therefore, it can be put into pre-

processing task list and does not occupy running resources.  

To study the peptide dependency, we aim to the distribution of peptide in terms of 

proteins. We still use the data acquired from the frequency table. In Figure 5, proteins 

that are less than 100k Da are categorized into ten bins.  In each bin, peptides are 
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distributed over twenty-five sub-bins that include all the peptides range from 0-2500 

Da and these sub-bins are separated equally with 100 Da of interval. This distribution 

is independent since there is no correlation between proteins in different bins. We 

count the number of peptides in each sub-bin and show their distribution in Figure 

5(a). We also calculate the frequency (ratio of this number over the overall peptides 

number in that bin) and show the distribution of this frequency in Figure 5(b).  In 

Figure 5, y-axis represents different proteins bins while x-axis represents different 

peptides sub-bins. The color in each cell represents the number of peptides for (a) and 

the frequency for (b) 

Figure 5(a) shows the peptides are likely to be concentrated at specific area, i.e. 

the area that proteins are less than 80k Da and peptides are less than 800 Da. In this 

area, peptides are not uniformly distributed. For example, the number of peptides that 

have 700 Da in mass are more likely to be digested from proteins which are in range 

of 40k Da to 50k Da than those which are less than 20k Da or greater than 70k Da. 

This illustrates that the peptides and proteins are dependent in numbers, however, 

does not mean they are dependent with each other in frequency. 

Figure 5(b) shows the peptides frequencies are consistently distributed through 

different proteins categories. The peptides belonging to same sub-bins have similar 

frequency to each other although they are in different protein categories. 
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Figure 5. (a) The distribution of peptide number in terms of protein categories 

 

 

Figure 5. (b) The distribution of peptide frequency in terms of protein categories 
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We perform Chi-square test for dependency for both cases in Table 2. The Chi-

square test is used to test for independence between rows and columns of a 

contingency table. The procedure include 5 main steps: 

1. List the data (noted as Dij) for each row and each column. Calculate the 

summation for each row and each column noted by Si. and S.j where i=1,.., 

number of rows and j=1,…, number of columns.  

2. Calculate the expected value for each cell. Eij = Si. * S.j / N where 

,
ij

i j

N D= ∑   

3. Calculate the Chi-square value with 2 2
ij

ij

χ χ= ∑  

where 2 2( ) /ij ij ij ijE D Eχ = −  

4. Calculate the degree of freedom df=(i-i)*(j-1) 

5. Check Chi-square table with the degree of freedom and compare with the 

calculated Chi-square. Make the decision. 

Table 2. Chi-square Test for Dependency of peptide and protein 

Chi‐square Test 
Protein 
columns 

Peptide 
rows  df  Chi‐square  decision 

Peptide numbers  8  25  168  27324  Dependent 

Peptide 
frequency  8  25  168  0.11  Independent  
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With the result shown in Table 2, we conclude that the distribution for peptide 

number is correlated with its parent protein. However, the peptide frequency is 

independent with the protein categories.  

 

2.3.2.3 Peak Selection and Normalization 

The signal intensity is represented as the y-axis of a mass spectrum.  It is often 

measured in counts per second of ions or volts. Signal intensity may be dependent on 

many factors, especially the nature of the molecules being analyzed and how they 

ionize. The efficiency of ionization varies from molecule to molecule and from ion 

source to ion source; on the detection side there are many factors that can also affect 

signal intensity in a non-proportional way: therefore the intensity of ions measured by 

the spectrometer does not represent relative abundance accurately but loosely 

correlated with it. Gay Steven [61] applied standard data-mining methods such as 

classification and regression methods to find correlations between peak intensities and 

the properties of the peptides composing a PMF spectrum. With their conclusion, the 

answer to the question on whether or not to integrate intensity in scoring function 

should be positive. 

 

2.3.2.3.1 Peak Selection 
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Due to the large number of peaks in mass spectrum, it requires an efficient way to 

select peaks from the noise background. This is important because the peaks of high 

intensities are not definitely the real signal. The inclusion of the false positive will 

decrease the real match due to the random match of this peak in the search database. 

The selection faces two problems: on the one hand, instrument produces amount of 

noises, which always follows normal or mix of normal distribution but have no fixed 

parameters; on the other hand, the isotopic ions will generate overlapping of peaks. 

Based on these factors, the main task in peak selection is to de-noising and de-

isotoping. 

Some algorithm/software have been developed to handle with the high resolution 

mass spectrum. These tools can be categorized into two classes: one is to process of 

the original data (raw format) and the other is to process of the centralized data (.dta 

format).  The purpose of processing of the raw data is to transfer the simulated signal 

to digital signal or mapping wavelet to point which contains the m/z and intensity 

information to represent a peak. The processing is called centralization procedure, 

during which the user can specify the degree of de-noising and de-isotoping. By 

selecting a high degree, some information may be lost during the procedure; while by 

selecting a low degree, the produced spectrum still contains noise and isotopic peaks. 

The general idea is to perform the centralization process with a relative low degree to 

simplify the spectrum and then perform a second processing. 
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The software used to handle with raw data includes Micromass’s product 

MassLynx and ProteinLynx, Applied Biosystems’ product MDS Sciex Analyst and 

Finnigan’s product Xcalibur.  

To handle with the centralized data, there are also many algorithms. Carroll and 

Beavis [74] uses matrix convolution; Kast etc. [75] applies Fourier transform to filter 

out the period noise in low frequency area and uses matrix convolution in high 

frequency area; Lang etc. [76] uses wavelet for de-noising; Ressom etc. [65] proposes 

a novel method that combines ant colony optimization (ACO) with support vector 

machines (SVM) to select a small set of useful peaks based on the MALDI-TOF 

spectral data.  

It’s still a hard and partial solved problem to select peaks efficiently. Currently 

the most popular method is to set a cutoff. Eng etc. [77] select the 200 highest 

intensities to guarantee the true positive; Grossmann etc. [78] uses slide window to 

select a certain amount of peaks under different background. In our study, we also set 

cutoffs to select peaks as input signal. 

 

2.3.2.3.2 Peak Normalization 

Since the intensities are not strictly proportional to the abundance of peptides, in 

order to include the intensity into our scoring function, we need do some 

preprocessing to normalize the intensities. We apply two steps: the first step is 
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mapping the intensities to (0, 1) interval and the second step is performing a non-

linear transformation using sigmoid function. 

 

 

 

 

 

In Step one, NormalConst is the number of bins in the (0, 1) interval. It is defined 

to enable the numerical calculation. In order to achieve good accuracy, it is always 

evaluated a big integer such as 100. Smax and Smin denote the maximum and minimum 

intensities of peaks in the spectrum, respectively.  

The normalized intensities are still linear with the peak heights on mass spectrum. 

As we have discussed in this section, we need perform a second step normalization to 

adapt to the uncertainty of non-linear. We select sigmoid function for two reasons:  

1. Sigmoid function refers to a special case of logistic distribution which has 

been well studied.  

2. The logistic distribution is parametric. The scale parameter will determine the 

shape of the “S” curve. This makes it flexible for both research and software 

development. 

Step One: unit mapping 

 
1:  Imin = 1/(NormalConst+1); 

2:  Imax = NormalConst * Imin; 

3:  max min

max min

I Ik
S S

−
=

−
 

4:  max max*x I k S = −   

5:         for all selected peaki in spectrum 

                   Si = Si * k + x 
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The logistic distribution has its cumulative distribution function (cdf) like: 

-(x- )/sF(x; ,s) =
e μμ 1

  
1+  

Where μ is the location parameter and s is the scale parameter. Figure 6 shows 

the function curves with 0μ =  and different parameter s. 

 

Figure 6. logistic curves with different scale parameters 

In Figure 6, the shape of the logistic curves are controlled by the scale parameter, 

when it is equal to 1, it’s approximate to linear; while it is decrease to 0.1, it skews. 

We use maximum likelihood estimation (MLE) to find the scale factor in terms of 

mass spectrum data. We fix x as the location parameter and make 1/ sα = . 

We have ( ) 1(1 )ix xI e α− − −= + , and the likelihood of this cdf is 
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Wessa [62] developed the software “Maximum-likelihood Logistic Distribution 

Fitting” to estimate the parameters. To fix our data, we manually select peaks of 12 

species as input and estimate the scales parameters. The result is shown in Table 3.   

 Table 3. Scale parameter estimation of 12 species for logistic distribution 
 

Protein ID.  α   Number of selected peaks 

P04064  9.17  44 

P00760  10.62  39 

P02870  10.32  44 

P68082  10.97  27 

P02754  14.57  26 

P00915  11.84  29 

P01070  6.97  19 

P01070  13.80  50 

P02754  12.71  24 

P02754  20.22  44 

P68082  8.46  24 

P00760  11.08  39 

 

We use 10α = as default to test our scoring function. In software development, 

this value is user defined for flexibility.  
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2.3.2.4 Modified PBSF 

Based on PBSF, we further developed another scoring scheme by integrating the 

information for the neighboring matching peptides into a modified Probability-Based 

Scoring Function (MPBSF).  The score, which utilizes the average distance of 

matched peptides, is defined as: 

 

1

, 1
1

/

mn

i i
i

s p

Dis
ADMP

n n

−

+
==

∑
      Equation 8 

where the numerator represents the sum of the distances between two adjacent 

matching peptides, while the denominator represents the total number of possible 

digested segments in the protein divided by the number of matching peptides. 

Specifically, mn , sn , and pn are the number of the matching peptides in the spectra, the 

number of the digested segments, and the number of the matching peptides in the 

protein, respectively. In this score, when a number of matching peptides are clustered 

together on the protein sequence, the match is more significant. The final MPBSF 

score is calculated as -logPr(Pk)-log(ADMP).  

 

2.4. Results 

2.2.1 Score schema comparison 

We compared the performance of PBSF an MPBSF with the other scoring 

functions using the same experimental dataset as described in Section 1.4.1 (12 

standards together with 40 soybean proteins). For each protein identification, we 
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manually selected a set of peaks from a spectrum provided by the Proteomics Center, 

University of Missouri-Columbia. Matched peptides should cover at least 25% of a 

protein sequence in order to be listed as a candidate of correct result. Figure 7 shows 

the comparison results of the five scoring functions: NDSF, MOWSE, NMOWSE (we 

added neighborhood weight in addition to MOWSE), PBSF, and MPBSF in terms of 

ranking correct proteins among top hits. It indicates that PBSF and MPBSF performed 

significantly better than the other three methods (especially in the “#top 1” category). 

The performance results of PBSF and MPBSF are similar, while MPBSF slightly 

outperforms PBSF. 

 

 

 

Figure 7. Scoring function comparison, numbers in which the expected protein ranks 
top 1 to top 500 versus top ranking field. 
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To provide a more robust comparison, we randomly sampled selected peaks for 

each gel spot. For a fixed percentage of selected peaks, we randomly picked peaks ten 

times, and used each set of generated spectra for protein identification with the five 

scoring schemes. Figure 8 compares different methods, where the percentages for the 

expected proteins to rank top 1 or top 10 among the 52 sets of PMF spectra are plotted 

against the percentage of selected peaks in the generated spectra. The result is 

consistent with Fig. 7. The Figure clearly indicates that PBSF and MPBSF are 

significantly better than the other three methods, while MPBSF is slightly better than 

PBSF. The overall performance of the algorithms can be sorted as 

MPBSF>PBSF>NMOWSE>MOWSE>NDSF. It is worth mentioning that NDSF 

performed worse than MOWSE, although NDSF considers the match more 

quantitatively using the difference between the theoretical mass in the database and 

the mass measured from the spectrum, as well as the peak intensity information. This 

may be due to the fact that the NDSF scheme is too sensitive to noise, and as a result 

does not perform well. Considering the hit distribution on a protein systematically 

improves the protein identification accuracy, as NMOWSE outperformed MOWSE 

and MPBSF outperformed PBSF. However, such an improvement is less than the one 

from the rigorous statistical model in PBSF. We have developed a capacity to handle 

missed cleavages. We tested the missed cleavage feature using the dataset of 52 gel 

spots. We found that the result was similar to the one without the missed cleavage 

feature. We also tested our dataset on Mascot, and the results between allowing and 

ignoring missed cleavage were also quite similar. This suggests that our dataset may 



 48

contain few missed cleavages. Nevertheless, the capacity to handle missed cleavages, 

implemented in our package, is useful in general.   

 

Figure 8. Percentages in which the expected protein ranks top 1 (a) and top 10 

(b) versus percentage of selected peaks from PMF spectra.  
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2.4.2 Comparison with Mascot and ProteinProspector 

We compared our software with Mascot and Protein Prospector. The performance 

of our software is similar to or slightly worse than Mascot. As the online version of 

Mascot or Protein- Prospector does not allow a user to add a search database, we 

limited our comparison on the 12 known spots, whose proteins can be found in a 

search database (UniProtKB/ Swiss-Prot) of Mascot or Protein Prospector. Among the 

12 testing data points, our software ranked the correct protein the 1st for four cases, in 

top 15 for six cases; while Mascot ranked the correct protein the 1st for five cases and 

in top 15 for seven cases. This is probably due to special treatment and features 

beyond the MOWSE score that Mascot uses. For example, Mascot uses a confidence 

assessment on top of the scoring function. Our software performs better than Protein 

Prospector. When we set a threshold for the molecular weight, the result of MPBSF 

did not change much, which indicated that the performance of MPBSF is basically 

invariant against the molecular weight of a protein. This is not the case in Protein 

Prospector. Without limitation of protein’s molecular weight, Protein- Prospector 

could find none ranked top in 50 for the 12 proteins; with the limitation setting to 

1000–100 000 Da, Protein Prospector could find 1 ranked the 1st, 3 ranked the 2nd, 

and 1 ranked the 37th. The testing result is listed in Table 4.  
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Table 4. Scoring function prediction benchmark 
 

Protein ID.  MPBSF  Mascot 
ProteinProspector 

without MW limitation 
ProteinProspector 
with MW limitation 

P04064  1  >20  >50  2 

P00760  8  >20  >50  >20 

P02870  >20  >20  >50  >20 

P68082  1  1  >50  1 

P02754  >20  8  >50  >20 

P00915  1  1  >50  2 

P01070  >20  2  >50  >20 

P01070  >20  >20  >50  >20 

P02754  >20  1  >50  >20 

P02754  >20  1  >50  >20 

P68082  1  1  >50  2 

P00760  13  >20  >50  >20 

Table 4 lists the rank by MPBSF, Mascot, ProteinProspector (without MW limitation) and 

ProteinProspector (with MW limitation). It shows that MPBSF is competitive with Mascot and they 

both outperform ProteinProspector (with or without MW limitation).  

 

2.5 Discussion 

Although MS/MS provides more information for protein identification, PMF will 

still be useful for fast and inexpensive protein identification. One of the problems is 

that by applying PMF in protein identification, the multi-to-one relationship between 

gels and protein still exists. This is mainly a result of the information content for 

protein identification in PMF being much less than MS/MS. Nevertheless, the 

information content in PMF spectra may not be fully utilized by current 

computational methods for protein identification. The work described in this chapter 



 51

represents an effort to explore more effective scoring schemes by better using the 

information content in PMF spectra to improve protein identification accuracy. The 

scoring schemes developed (especially PBSF and MPBSF) are novel to the best of our 

knowledge. Our results using experimental PMF spectra demonstrate that the new 

scoring schemes can yield higher accuracy in protein identification. The new scoring 

schemes are generally applicable to any PMF protein identification software. 

The better performance of our new scoring schemes is mainly due to more 

rigorous formulations and consideration of peptide hit distribution on a protein. 

Although MOWSE applied the propensity of molecular weights for proteins and 

peptides in protein identification, it does not have a comprehensive consideration for 

the underlying statistical distribution. In contrast, PBSF builds on the MOWSE table, 

but has a rigorous treatment for the statistical distribution in matching PMF spectra to 

the proteins in a search database. The test result using the experimental PMF spectra 

showed that major improvement in protein identification accuracy came from PBSF, 

or the rigorous statistical treatment, as PBSF alone outperformed MOWSE, 

NMOWSE, and NDSF by a large margin. To a less extent, the improvement came 

from the consideration of peptide hit distribution on a protein, as MPBSF slightly 

outperformed PBSF. The peptide hit distribution represents a useful, independent 

source of information for protein identification, and it has not been explored by any 

other PMF identification. By combining the PBSF statistical model and the peptide hit 

distribution information on a protein, MPBSF achieved the best performance among 

all the scoring schemes. To test the effect of adding peak intensity in scoring function, 
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we removed the last item (1-Il) in Equation 5. We compared the computational result 

with MPBSF and found the result was not as good as the original PBSF but still 

consistently better than MOWSE, NMOWSE and NDSF (data not shown). This 

indicates that the peak intensity helps protein identification, but it is not the main 

source of accuracy improvement. 

There are some limitations for the validations of our methods. In particular, the 

number of test cases is limited. Furthermore, although the scoring functions 

incorporated some factors for protein identification, such as missed cleavage and 

protein molecular weight range setting, other factors still need to be incorporated, in 

particular, post-translational modification to handle mass increments, neutral losses, 

or diagnostic fragment ions in peptide mass spectra [51-52]. In addition, we will 

follow some developed strategies to handle the issue that most of the gel spots are 

mixtures of multiple proteins [53-55]. We are incorporating these factors into our 

software package and will test it using more PMF data. In addition, we are exploring 

more systematic handling of the statistics for the scoring schemes, in particular, using 

the Dirichlet distribution [56] for the treatment of the peptide hit distribution on a 

protein and combining this distribution with the PBSF statistical model.  
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Chapter 3. Confidence Assessment 

 

3.1. Introduction 

 

In this chapter, we introduce the confidence assessment methods that we used in 

protein identification. Confidence assessment, in common sense, is to describe how 

reliable survey results are. It is recognized as relevant to knowledge assessment (De 

Finetti [66]; Good [69]; Hutchinson [70]). Confidence is a form of probability 

forecast (Dawid [67]): an estimate of the probability that an answer will turn out to be 

correct.  One can have a probability based sense about things that are matters of fact. 

This is subject to the degree of uncertainty or unreliability of reasoning applies to 

specific problem.  

In protein identification, existing analysis tools often give too many matches for a 

given biological sample without confidence assessment for identified proteins [57]. 

Mascot extended the MOWSE algorithm and provided a probability score reflecting 

the confidence. However, automated interpretation and accurate confidence 

assessment of protein identification from PMF remain a highly challenging and only 

partially solved problem. The current computational methods assume that the target 

protein is in the sequence database and use the best hit ranked by the raw score as the 

prospective target. This may lead to false positive results since the top hit may not be 

the target protein and the protein sample may not be in the search database (due to 

various factors, such as contamination of sample or incorrect gene models). In 
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addition, the raw scores are not normalized according to the protein length, the 

number of redundant hits, etc., for a spectral peak in the sequence database. Hence, 

the ranks based on raw scores may be misleading. Furthermore, some peptides may be 

missing in the spectrum due to the noise in the PMF data, and this may cause a false 

negative prediction, i.e., the correct protein was not ranked among top hits. Given the 

potential inaccurate data analysis, it is very important to develop a confidence 

assessment for the PMF data analysis results (1) to get an idea to what extent a user 

can trust the protein identification result and (2) to re-rank the protein hits based on 

the confidence assessment instead of raw scores. Such a capacity may significantly 

improve the computational analysis of PMF data.  

 

3.2. Theory Fundamental 

3.2.1 Binomial Distribution 

Let p denote the probability of success on each Bernoulli trial and X be a 

random variable associated with the trial by defining it as  

( ) 1X success =  and ( ) 0X failure =  

Then the probability mass function (pmf) can be written as  

1( ) (1 ) , 0,1x xp x p p x− = −  =  
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In a sequence of n Bernoulli trials, we are interested in the total number of 

successes.  Let random variable X denote the number of observed successes, then the 

number of ways to select x successes in the n trial should be 

!
!( )!

n n
x x n x

⎛ ⎞
=⎜ ⎟ −⎝ ⎠

 

Since the trials are independent and the success probability p is fixed for each 

trial, the pmf of X can be written as 

1( ) (1 ) , 0,1, ...,x xn
p x p p x n

x
−⎛ ⎞

 = −  =⎜ ⎟
⎝ ⎠

 

Then the variable X is said to have a binomial distribution. By using the 

definition of distribution mean and variance, we can get the expressions for binomial 

distribution as  

npμ =  and 2 (1 )np pσ = −  

 

(a) pdf                            (b) cdf 

Figure 9.  Binomial distribution (Produced by Tayste May 2008) under different 

probability value with population n=20  
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3.2.1 Central Limit Theory 

Let 1 2, , ..., nX X X denote the observation of a random sample from a distribution 

that has mean μ and variance 2σ . Then the random variable 

1
( ) /( ) ( ) /n

n iY X n n n Xμ σ μ σ= − = −∑  converges in distribution to a random 

variable which has a normal distribution with mean zero and variance 1.  

Central Limit Theory states that it will be approximate normal distribution if 

there is sufficient number of independent random variables sum together (Rice 1995).  

 

3.2.1 Normal Approximation to Binomial Distribution 

According to the Central Limit Theorem, when the population n increases, the 

binomial distribution with parameter n of population and probability p of success will 

asymptotically converge to a normal distribution. The normal distribution has the 

mean npμ = and variance (1 )np pμ = − , which are exact same with the binomial 

distribution. 

We show the approximation in Figure 10. The yellow bars are the binomial 

distribution while the red curve is the normal approximation. The figures in the left 

columns are distributions with n=10 population while the figures in the right columns 

are those with n=30.  It’s quite clear that as n increases, the approximation is 

becoming more and more close to the probability of the binomial. When n is small, if 
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the success parameter p is not 0.5, the curve skews a little bit, but when n becomes big 

enough, the skewness will be adjusted. 

 

Figure 10. Normal approximation to Binomial Distribution with different parameters. 
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3.3. Confidence Assessment Approaches 

3.3.1 Central Limit Theory Approach 

The confidence assessment process is similar to the scoring function, except that 

the model is more rigorous statistically for hypothesis test. The following steps are 

needed to conduct computational protein identification using PMF data: 

1. STEP-1: Take one fragment from a PMF spectrum, and compare it with all 

theoretically digested peptides in the search database. A score is assigned for each 

matching pair. 

2. STEP-2: Repeat STEP-1 for all remaining fragments from a PMF spectrum one 

by one until all fragments of the spectra are compared with the protein. For each 

protein in the searched database, sum the scores of all the fragments from a PMF 

spectrum as the score for the protein. 

3. STEP-3: Rank all the proteins in the database according to their scores. The 

protein with the highest score in the database is taken as the best matched protein in 

the biological sample. We follow the above three steps to analyze the statistical 

significance of the scores. In STEP-1, assume we have the l-th fragment which falls in 

the row-i of the frequency table (i.e. i = R(l)). When we compare this fragment with 

protein-k with the molecular weight in the column-j, the score of fragment-l is 

ij
l

ij

q if l matches at least one peptide
s

q otherwise
          ⎧

= ⎨                                         ⎩
      Equation 9 
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As we have discussed in Chapter 2, Equation 4 represents the statistics model of 

scoring function while Equation 5 considers peak intensity in addition, which makes 

adjustment for Equation 5. We adopt –logP(k|w) with the consideration of peak 

intensity as the score function in this study, and hence, 

log{[1 (1 ) ](1 )}ijmij
ij l

ij

m
q I

M
= − − − −  and  log{(1 ) }ijmij

ij l
ij

m
q I

M
= − −  (penalty for mis-

hit) or 0ijq =  (no penalty for mis-hit), where the variables have the same meaning as 

in Chapter 2. In either case of ijq , the assumption of ij ijq q≥ holds. Here, protein-k is 

assumed to be chosen randomly in the column-j, and has the average statistical 

property of all proteins in the column-j. In this case, k
ijn  in Equations 4 is replaced 

by ijm . Now we examine the probability distribution of the score based on the 

occurrence in ijcell . 

 

1 (1 )

( )
(1 )

ij

ij

mij
ij

j
l

mij
ij

j

m
s q

M
P s s

m
s q

M

⎧
− −    =⎪

⎪= = ⎨
⎪ −         =⎪⎩

        Equation 10 

 

and with the cumulative probability as 

 

1

( ) 1 (1 )

0

ij

ij

mij
l ij ij

j

ij

q s
m

P s s q s q
M

s q

⎧                            ≥ > −∞
⎪
⎪≥ = − −       ≥ >  ⎨
⎪
⎪                                 >   ⎩

       Equation 11 
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where 1 (1 ) ijmij

j

m
M

− − is the probability of no match between fragment-l and any of the 

ijm  peptides in the ijcell for protein-k. The average and standard deviation of score s 

are 

( )k
l lsP s s dsμ

+∞

−∞

= =∫                                   Equation 12 

2 2( ) ( ) ( )k k
l l ls P s s dsσ μ

+∞

−∞

= − =∫                              Equation 13 

 

In STEP-2, all fragments of the spectra are compared with the peptides for the 

protein-k. Let
1

nK
ls

S s
=

= ∑ . Then, the probability distribution ( )KP S s≥ is the 

convolution of n distributions of individual fragments. That is, 

1( ) ( ) ... ( )K
nP S s P s s P s s= = = ⊗ ⊗ = where ⊗ is the convolution operator. With the 

assumption of independent distribution of sl, according to the central limit theorem 

and law of large numbers, the probability converges to the Gaussian distribution when 

the number n is sufficiently large. In this case, the approximation of the Gaussian 

distribution can be analytically expressed as 

2( )
21( )

2

k

k
s

k

k
s

P S s e ds
μ
σ

πσ

−+∞ −
≥ = ∫                                   Equation 14 

 

where 
1 1

nk k
lμ μ

=
= ∑ and 2 2

1 1
( ) ( )nk k

lσ σ
=

= ∑  

We apply Equations 14 to derive the numerical solution for ( )KP S s≥ can be 

interpreted as the p-value for the significance of the raw score s, i.e., the probability of 

achieving s or higher score by chance. The smaller the p-value, the less likely that the 
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hypothesized distribution is correct and the more significant the score is in terms of 

protein identification.  

 

3.3.2 GRAM-CHARLIER Expansion Approach 

The Gaussian distribution requires only means and deviations of individual 

distributions. However, when n is not sufficiently large, the approximation for the 

convoluted probability may not be accurate, in particular at the portion of tails in the 

distribution. One way to alleviate such a problem is to adopt the probability function 

expansion, such as the Gram-Charlier series by using the higher-order moment 

information of the individual distributions. The Gram-Charlier series is an orthogonal 

expansion derived from the normal distribution. The convoluted probability can be 

expanded as the eighth-order Gram-Charlier series as follows. 

2 33 4
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6 24
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+
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∫

                       

Equation 15 

where 1 2( ) /z s K K= − ; 
2

2( ) / 2
z

N z e π
−

= ; and 2
2/

i

i iG K K= (i = 3, ..., 8). 

iK is the i-th cumulant of the convoluted distributions of maxPr( )S s= , and the 
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detail formulas are given below. For each individual distribution (for fragment l 

where l =1, ..., n) of Equation 10, the central moments liU  are 

( )li lU sP s s ds
+∞

−∞
= =∫                                    Equation 16 

 

1( ) ( ) 2, ...,8)i
li l lU s U P s s ds i

+∞

−∞
= − =   ( =∫                 Equation 17 

 

Thus, the columulants for each individual distribution of Equation 10 can be 

computed by 
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        + + −         Equation 18        

                                                        

Therefore, the equivalent cumulants of the convoluted probability distribution are 

simply the summation of all individual cumulants, and are given as 

1

( 1, ...,8)
n

i li
l

K K i
=

=   =∑
        Equation 19         

                                      

The expansion of Gram-Charlier series is in the order of 0,3,4,5,6,7,8 in Equation 

15. Theoretically any probability distribution can be expanded by the Gram-Charlier 

series, but it is not a converged series and there may still exist error at the tail portion 

of the distribution, depending on the characteristics of the individual distributions. 

Such errors are empirically oscillated at the tail portion, and can be alleviated by 



 63

averaging operation, e.g. 

 

1 ( )
2

s s k

s s
P S p dp

s
+ Δ

−Δ
≥

Δ ∫
                         Equation 20                                                                           

 

where Δs is a small positive number.  

 

3.4. Results 

For each spectral data, we calculated the raw score and the confidence score with 

the following settings: 

1.  The matched peptide can cover any percentage of sequence. 

2. Number of the matched peptides can be any, including 0. 

3. Fragments without any match make no contribution to either raw scores or 

confidence scores. 

4. The threshold for a match between an experimental spectral peak and a 

theoretical peptide is 2.0 Da. 

Settings 1 and 2 are set to include more proteins for ranking. The third setting 

excludes the effect of false positive peaks (spectral peaks that do not correspond to 

any peptides). 
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3.4.1 Study on Individual Protein Kinase 2 

We use protein identification of mitogen-activated protein kinase 2 [in Glycine 

max] (GI:33340593) as an example to show how our method works (see Table 5). 

Based on the raw scores, Q9CHU6 ranked number 1 and 33340593 (the correct 

protein) ranked number 2. By using the p-value, their orders were switched. From the 

table, the protein 33340593 has 8 peptides matching 9 times in total with spectral 

peaks, while Q9CHU6 has 7 peptides matching 11 times. Notice that a single peak 

may match multiple peptides. For example, peptide “TLEEFVGSLEKPR” of protein 

Q9CHU6 has 3 repeated matches for a single peak with a low intensity 0.05. This can 

explain why Q9CHU6 obtained a higher score, as the intensity for each of the three 

repeated matches is over-estimated. This over-estimation is corrected by our statistic 

model, which considers the overall distribution of possible scores. 

 

 Table 5. Protein identification for mitogen-activated protein kinase 2 
 
Protein ID.  33340593     Q9CHU6    

   Peptide  Int.  Peptide  Int. 

Peaks  QSFQEK  0.516  ALYFSK(2)  0.015 
   QLPLYR(2)  0.064  YQEAVR  0.516 
   KPLFPGR  0.166  TEEVYK(2)  0.052 
   ICDFGLAR  0.026  YISTYK  0.011 
   DHVHQLR  0.148  VLSGPAVNFSGDK  0.057 
   DIVPPPQR  0.139  SENLPANLIQAQR  0.99 
   YKPPIMPIGK  0.785  TLEEFVGSLEKPR(3)  0.05 
   YIHSANVLHR  0.266       

MW(Da)  44765     52424    
Score  36.957681     37.233432    
p‐value  5.07E‐10     5.06E‐09    
Rank Change  2 to 1     1 to 2    
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"Peptide" lists the matching peptides with the numbers in the bracket showing the occurrence if 

the peptide appears more than once in the protein. “Int.” is the corresponding normalized intensity for 

the matching peptides. The confidence scores were calculated using Equation (8).  

 

3.4.2 Benchmark of Entire Data Set 

We ranked the 52 samples by using the confidence scores, as listed in Table 6. 

We derived the ranks based on raw scores (SR) and confidence scores (CR) as well as 

the relative rank improvement, which is defined as (SR-CR)/(SR + CR). This 

“improvement” could be positive, zero or negative. If it is positive, it shows that the 

statistical model improves the ranking of the correct protein and such cases are 

labeled in bold in Table 6. In total, 19 cases (38.5%) improved ranking for the correct 

proteins by the confidence scores, 32 cases (61.5%) have no change, and only 1 

(1.9%) had worse ranking. The average relative improvement for the 19 protein is 

41.64%, which is significant. In particular, 4 out of 5 second-ranked correct proteins 

were enhanced to the top by confidence scores. The unchanged cases often have the 

correct proteins on the top, indicating good ranking can be preserved by the statistical 

model. Overall, 98% of the samples obtain better or preserved high ranks using 

confidence scores, showing that the confidence scores significantly outperform raw 

scores in protein identifications. 
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Table 6. Benchmark for entire dataset 
 

ProteinID  MW(Da)  p‐correct p‐top  SR PR (SR‐PR)/(SR+PR)(%)

P04064  68308  2.15E‐44 2.15E‐44  1 1 0

P00760  25425  3.24E‐12 2.52E‐69  11 10 4.76

P02870  23277  1.45E‐10 1.59E‐23  23 12 31.43

P68082  16951  9.49E‐61 9.49E‐61  1 1 0

P02754  19883  4.66E‐08 4.61E‐13  17 6 47.83

P00915  28739  6.30E‐37 6.30E‐37  1 1 0

P01070  24005  3.44E‐29 3.44E‐29  1 1 0

P01070  24005  1.65E‐10 9.24E‐16  8 4 33.33

P02754  19883  1.40E‐04 3.29E‐10  48 24 33.33

P02754  19883  2.14E‐04 1.99E‐15  56 22 43.59

P68082  16951  3.33E‐46 3.33E‐46  1 1 0

P00760  25425  3.08E‐18 2.34E‐38  6 3 33.33

42521309  47689  1.05E‐62 1.05E‐62  1 1 0

77540216  27187  7.93E‐65 7.93E‐65  1 1 0

169989  49109  1.75E‐31 1.75E‐31  2 1 33.33

1498340  37179  3.63E‐69 3.63E‐69  1 1 0

33325957  84230  5.99E‐117 5.99E‐117  1 1 0

42521309  47689  4.04E‐56 4.04E‐56  1 1 0

4324967  20339  8.90E‐54 8.90E‐54  1 1 0

33325957  84230  1.17E‐78 1.17E‐78  1 1 0

13398537  54230  9.30E‐47 8.80E‐88  2 2 0

33325957  84230  3.28E‐116 3.28E‐116  1 1 0

18643  16746  2.43E‐50 2.43E‐50  1 1 0

22218276  13632  8.10E‐07 5.12E‐18  74 25 49.49

22739  55296  7.60E‐101 7.60E‐101  1 1 0

5739198  17609  2.48E‐07 1.67E‐15  68 21 52.81

2642238  73594  9.45E‐83 9.45E‐83  1 1 0

37196685  27035  4.28E‐76 4.28E‐76  1 1 0

37196687  27109  1.07E‐114 1.07E‐114  1 1 0
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Table 6. Benchmark for entire dataset (continue) 
 

ProteinID  MW(Da)  p‐correct p‐top  SR PR (SR‐PR)/(SR+PR)(%)

6136119  52908  2.33E‐64 2.33E‐64  1 1 0

26245395  16344  1.31E‐42 1.31E‐42  1 1 0

5726567  15837  6.44E‐09 1.18E‐23  103 26 59.69

33325957  84230  1.11E‐119 1.11E‐119  1 1 0

5739198  17609  1.69E‐51 1.69E‐51  1 1 0

33340593  44766  2.46E‐14 2.46E‐14  2 1 33.33

5739198  17609  7.72E‐05 1.27E‐15  203 86 40.48

42521311  35504  4.26E‐104 4.26E‐104  1 1 0

22218276  13632  3.73E‐05 2.02E‐10  96 23 61.34

10946357  38967  4.12E‐65 4.12E‐65  2 1 33.33

5929964  36119  8.90E‐69 8.90E‐69  1 1 0

10946357  38967  6.98E‐35 6.98E‐35  2 1 33.33

42521311  35504  1.93E‐87 1.93E‐87  1 1 0

16417595  18984  3.04E‐56 3.04E‐56  1 1 0

9367042  17965  6.10E‐13 1.09E‐15  37 6 72.09

6573169  33922  1.23E‐17 2.34E‐21  10 6 25

18958499  47680  3.79E‐20 3.79E‐20  1 1 0

33325957  84230  7.18E‐134 7.18E‐134  1 1 0

11385431  25836  1.03E‐22 1.03E‐22  1 1 0

11385431  25836  1.60E‐29 1.60E‐29  1 1 0

18746  96757  2.03E‐149 2.03E‐149  1 1 0

170010  50613  3.65E‐04 6.50E‐12  70 76 ‐4.11

5739198  17609  1.20E‐15 4.78E‐21  11 2 69.23

In Table 6, ProteinID shows the correct protein underlying the spectrum (bold font indicates correctly 

predicted protein); MW is the molecular weight; sc-correct is the confidence score for the correct 

protein; p-top is the confidence score for the top ranked protein; SR is the rank based on raw scores; 

CR is the rank based on the confidence scores. 
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We listed the confidence scores of the correct proteins and those of top hits in 

Table 6. We categorized the proteins into three non-overlapping groups: “Top & 

Correct”, “Top but False” and “Correct but not Top”. “Top & Correct” represents the 

group of proteins that are top ranked correctly; “Top but False” represents the proteins 

top ranked as false positives; “Correct but not Top” represents correct proteins that 

are not top ranked. To assess the significance of the differences among the three 

groups, we took minus logarithm operation on the confidence scores, -log(P) to grasp 

the significant difference among the three groups and to obtain the box-plot against 

them, as shown in Figure 11. Figure 11(a) shows the histogram for the three groups, 

indicating their distributions are different; Figure 11(b) quantifies the difference by 

box-plot. The comparison shows that the “Top & Correct” group has a significant 

difference against the other two groups. This allows us to set a threshold to 

distinguish them, i.e. 40 for -log(P) for calling proteins in the biological samples. The 

difference between “Top but False” and “Correct but not top” also exists, although it 

is not as obvious as the former one. The box-plot explains why confidence scores can 

significantly outperform raw scores in identifying true positives. 
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Figure  11. (a) The distribution for three groups are significantly different, for example, there are 11 

cases falls in the area between 0 and 10 for the –log(p-value) of the “Correct but not Top” while 0 

cases in the same area for the “Top & Correct” group 
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Figure  11. (b) Boxplot of -log(P) for the three groups: “Top & Correct”, “Top but False”, and 

“Correct but not Top”. Each group has the pair of mean and standard deviation of (66.61, 34.36), 

(24.37, 21.44), (10.97, 10.13), respectively. Each box encloses the middle 50% of the data and a line 

segment is used to indicate the median. A fence is defined by the interval (LF, UF) where LF = Q1-h 

and UF = Q3+h. Here, we use Q1 and Q3 to denote the first quantile and third (last) quantile, 

respectively, and we set h=1.5(Q3-Q1). Data points that lie outside of the fence are denoted by the 

symbol “o”. The whiskers are produced at the largest and smallest data points within the fence from the 

top or bottom of the box (Hogg [63]). The notch in each box is used to test whether or not the medians 

of two groups differ. If the notches of the two groups do not overlap, it indicates strong evidence that 

the two medians are significantly different (Chambers [64]).  
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3.4.3 Bootstrap for Confidence Interval 

The confidence score is intended to characterize the p-value of the protein 

identification. To study the raw score distribution, we perform the bootstrap 

procedure to re-sampling the proteins by shuffling their sequence. For each of the 12 

protein samples in the first dataset, we searched its MS spectrum against a shuffled 

database instead of the originally used one. The shuffled database is composed of 

3000 shuffled sequences (artificial) of the corresponding correct protein. For each 

shuffled sequence, its amino acid composition is preserved while the order of the 

sequence is randomized.  

By calculating using PBSF, each sequence will be assigned an artificial raw sore. 

We used different functions to fit the distribution and tried to find the best model by 

specifying the largest R-square value and lowest Root Mean Squared Error (RMSE) 

value. The distribution of the artificial raw scores was fitted and the p-value (under 

specific significance threshold i.e. 0.05) of the raw score (the score for the original 

sequence, the real score for the protein) was calculated based on the fitted 

distribution, i.e., the area under the curve with the artificial raw scores better than the 

score of the original sequence. 

We compared the fitting method “normal”, “2-normix”, “Smooth Spline” and the 

ratio of two polynomial expressions which takes the denominator of quadratic 

polynomial and the numerator of linear polynomial in Figure 12. 
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Figure 12. Comparison of four fitting methods 

 

We select spot 11 as an example for fitting methods comparison. These four 

methods are provided in Matlab curve fitting toolkits and are representative. From 

Figure 11, we found that simply normal does not fit the curve well since it has a large 

error at the right tail; “Smoothing Spline” fits well at the tail but cannot fit the 

variable at low value area; while on the contrary, Rational of Polynomial fitting 

method performs well at main body area but isn’t good at tail which is very important 

in resolving p-values.  We choose 2-normix fitting method since it gets the R-square 
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value of 0.995 which is larger than rational method’s 0.981 and the “Smooth Spline” 

method’s 0.949.  We select 2-normix for another reason that the resolving of the p-

value is direct and efficient.  

In Table 7, we listed the fitting comparison between normal and 2-normix for all 

12 spots. By specifying the significant threshold 0.05, we calculate the logarithm of p-

value for each spot under 2-normix distribution. We also listed the logarithm of 

confidence score for each spot as reference. 

 

Table 7. Fitting for Shuffled Raw Scores Using Normal and 2-Normix Models 

 

Normal  2‐Normix   
Log(P) 

Protein  R2 
Adj 
R2  RMSE  R2 

Adj 
R2  RMSE 

Log(p‐
value) 

1  0.80  0.79  61.80  0.99  0.99  16.03  ‐9.27  ‐43.67 

2  0.84  0.81  74.66  0.99  0.98  23.16  ‐2.62  ‐11.49 

3  0.68  0.64  95.51  0.97  0.96  32.86  ‐2.82  ‐9.84 

4  0.87  0.86  61.28  1.00  0.99  11.99  ‐26.28  ‐60.02 

5  0.70  0.66  113.39  0.98  0.98  28.63  ‐5.54  ‐7.33 

6  0.87  0.86  64.76  0.99  0.99  20.01  ‐3.86  ‐36.20 

7  0.83  0.81  69.04  1.00  1.00  8.10  ‐3.82  ‐28.46 

8  0.75  0.73  90.06  0.94  0.92  47.62  ‐3.29  ‐9.78 

9  0.89  0.87  76.40  1.00  1.00  13.06  ‐0.69  ‐3.85 

10  0.73  0.69  111.74  0.98  0.97  32.10  ‐1.85  ‐3.67 

11  0.85  0.83  51.80  1.00  0.99  9.79  ‐1.51  ‐45.48 

12  0.77  0.74  73.60  0.99  0.98  20.14  ‐2.48  ‐17.51 
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3.4.4 Confidence Interpretation 

The bootstrap result will help us interpret the confidence score. The underlying 

null hypothesis is that there is no relationship between the MS spectrum and a protein 

not in the biological sample. However, this hypothesis may not be valid in some cases 

and related probability calculations are not based on a real distribution. For example, 

a protein with similar sequence to the one in the biological sample may have a high 

confidence score. Hence, the confidence score may over-estimate the actual p-value. 

Nevertheless, if the confidence score linearly correlates the p-value, it can still 

provide useful assessment for the protein identification. To interpret the confidence 

score, we studied whether there is any significant correlation between confidence 

score and p-value of raw scores.  

We calculated the Pearson correlation coefficient r between the logarithm of the 

p-values (Log(p-value)) and the logarithm of confidence scores (Log(P)), both of 

which are listed in Table 7. We evaluated the statistical significance of r based on the 

standard t-statistics (28): 

2

2( )  t   
1

r np value P T t and
r
−

− = >    =
−  

where T is a random variable followed by a t-distribution with degree of freedom 

n-2, in which n is 12 (the number of proteins) and t is the transformed value from r 

and n. Here, we used the right-tailed p-value because the negative correlation was not 

considered.  

 



 75

The result shows that the Pearson correlation coefficient r is 0.69, the t-value is 

2.99, and the p-value is 6.82E-3, which indicates a significant correlation between 

confidence scores and p-values of raw scores under the significance threshold of 1%. 

 

3.5 Discussion 

In this chapter, we extended our previous work on the scoring schema to assess 

the confidence of the PBSF score in terms of p-value. Based on our benchmark on the 

52 samples, the confidence assessment model provides more accurate protein 

identification than raw scores. The good performance of our confidence assessment 

model is mainly due to a more strict formulation of the problem and applications of 

rigorous statistics. The over-estimated scores due to large molecular weight are 

adjusted by our model. The correct proteins with small molecular weights less than 65 

KDa are more likely to get higher confidence than large incorrect proteins.  

Although the performance for some spectra is not good enough for practical 

purposes, where ranking the correct proteins in the top hits is desired, the method 

development will pay ways for further studies of ours and other researchers.  
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Chapter 4. Software 

 

4.1. SpotLink 

SpotLink (http://digbio.missouri.edu/SpotLink/) is the tool for organizing 

proteomics raw data. The data includes 2D gel images, Mass Spectrometry (MS and 

MS/MS), protein expression profiles and etc. The data is collected in the proteomics 

experiment and categorized by different spots on a gel. The data of each spot will be 

maintained in different location in computer disk. When a user clicks a spot in the 

clickable 2D gel page, the data will be shown on several web pages.  

 

4.1.1 Clickable 2D gel 

Different bio-groups may have different types of data; however, Spotlink 

describes the user interface with a standard. The necessary information is the 2D gel 

data, which should include both the spot and corresponding protein information. 

Users need to provide three files as following:  

1> 2D gel picture  

SpotLink requires the gel picture in bmp format. When the program reads in 

the file, the width and height of the picture will be acquired. Since the spot 

coordinates are measured in the picture, the coordinates in pixels of a spot can 

be then calculated. 
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2> Spot coordinates file 

This file contains spot position information with the format: 

 SpotNumber---positionX---positionY  

where SpotNumber is an integer illustrating the unique identification of a spot 

in the gel, positionX is the x-coordinate (pI axis) and positionY is the y-

coordinate (mass axis). “---” is tab delimitation. Example: file 

“SpotList4_7.txt” for soybean:  

 

 

 

 

 

 

 

 

3> Protein-Spot mapping file 

The third input file contains the information of spot number which takes the 

following format: SpotNumber---ProteinName, where spotNumber is the 

same with that in the first file and ProteinName is the corresponding protein 

to the spot. Example: file “Spot_Protein47.txt” for soybean: 

 

 

83  2142  148 

106  2315  159 

107  2358  161 

122  2406  177 

126  1779  179 

135  2454  187 

138  2315  186 

143  734   193 

…… 
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The output is a clickable 2D gel page or main page, as shown in Figure 13. 

 

 

Figure 13. Clickable 2D gel 

297 Methionine synthase [Glycine max] 

300 Methionine synthase [Glycine max] 

381 Succinate dehydrogenase (ubiquinone) flavoprotein subunit 

[Arabidopsis thaliana] 

480 Acetohydroxy acid isomeroreductase [Medicago truncatula] 

477 Aldehyde dehydrogenase [Medicago truncatula] 

…. 
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In the main page, title describes the species name. When user moves the mouse 

over a spot, the spot number and corresponding protein name will be displayed in the 

blanks. If the spot is clicked, it will lead to the protein expression profile page as 

shown in Figure 13.  

 

4.1.2 Web Pages of Protein Expression Profile 

To create detail pages of spots, another file need to be prepared. The file includes 

11 columns indicated as following:  

SpotNumber---exp1---std1--- exp2---std2--- exp3---std3--- exp4--- std4--- exp5---

std5, where exp1~exp5 is the expression data for the protein in the successive 5 time 

points; std1~std5 is the corresponding standard deviation of the expression. Example: 

file “phosphoproteins.txt”: 

 

 

 

 

 

340 0.00 0.00 0.00 0.13 0.07 0.00 0.00 0.00 0.11 0.07 

343 0.64 0.23 0.56 0.00 0.14 0.10 0.21 0.25 0.14 0.05 

348 0.32 0.00 0.00 0.00 0.15 0.48 0.00 0.00 0.00 0.00 

351 0.00 0.13 0.35 0.47 0.76 0.00 0.39 0.23 0.38 0.17 

353 0.21 0.00 0.00 0.07 0.06 0.00 0.63 0.41 0.20 0.11 

355 0.33 0.67 0.50 0.30 0.16 0.23 0.11 0.10 0.28 0.08 

…… 
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Figure 14. Protein Expression Profile 

 

Figure 14 was made using software “wgnuplot”. "wgnuplot” is a free software 

which command-driven interactive function plotting program for MS-Windows. It can 

be downloaded from http://www.gnuplot.info/   

 

4.2. Protein Decision 

We discussed the protein identification scoring function and confidence 

assessment in chapter two and chapter three. In this section, we will introduce the 

software “ProteinDecision” which implemented the ideas we have developed.  
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4.2.1 Functionality 

 “ProteinDecision” is designed for protein identification using peptide mass 

fingerprinting data. It supports the following functionalities: 

1>  Multi-ways for peak list selection  

A spectrum peak list is required for the input file. A user-friendly interface is 

provided for user to select peak list in different ways as shown in Figure 15. Users can 

submit the entire spectrum, or select top n% as the input, or use a horizontal line to 

include the peaks above it, or manually select.  

 

 

Figure 15. GUI of ProteinDecision: The multi-ways for peak selection 
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2>  Support optional database in the FASTA format 

Users can choose and upload a search database of their own. If it is in FASTA 

format, the software can convert it to the required format. 

3>  Flexible in choosing parameters 

The software has an interface to set the running parameters for any individual 

case. The default parameters are preset by experience; however, users can change 

them in specific application. The “Minimum Matches” and “Minimum Percentage” 

gives the lower bounds of the minimum number of peptide and minimum percentage 

of peptide that get matched between mass-spectrum and database proteins. Only those 

proteins which are above the threshold will be considered as a candidate. The 

“Maximum Peptide Mass” and “Maximum Protein Mass” give the upper bounds of 

the peptide mass and protein. This option enables the filters for large proteins that 

should not be considered. The “Output Numbers” defines the size of output window. 

The “Tolerance” defines the “matching area” between mass-spectrum and digested 

peptide, if the mass difference is larger than the tolerance, the pair will not be counted 

as a match. The “Miss-Cleavage” supports uncompleted digestion with the specified 

number of miss cleavage. The miss-cleaved peptides are possibly being considered 

when matching with the experiment data. User can also set performance value 

according to their computer’s configuration. When the slider’s position is at the right 

most, the program reaches the highest performance. However, it requires the largest 

computer memory at meanwhile. 
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Results can be visualized in three sub-panels as shown in Figure 16. The top sub-

panel is a protein list ranked by their scores. A corresponding record includes rank, 

protein ID, score, p-value, the number of matched peptides, the matched peptide 

percentage, protein molecular weight, and the protein length. By single clicking of an 

entry, the sequence of that protein will be displayed in the middle sub-panel and a 

double click will activate the internet browser which leads to the detailed information 

at the ExPASy Proteomics Server. In the middle sub-panel, the digestion boundaries 

of peptides are indicated by space with the start and end positions labeled and the 

matched peptides are marked in red. The bottom sub-panel shows the spectrum. Peaks 

labeled in red are the selected peaks, peaks in blue represent the matched peptides, 

and the peak in green is the highlighted peptide. 

 

 

Figure 16. GUI of ProteinDecision: the output panel for prediction result. 
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4.2.2 Design and Implementation 

 The software has three layers: UI Layer, Computation Layer and Database Layer 

as shown in Figure 17. In this figure, the rectangular with round corners are data in 

specific forms while those with right angles are procedures that are in certain function 

to process the data. The UI layer accepts the users input or commands and passes 

them to the computation layer. In particular, the selected peaks will be delivered to the 

computation layer. The computation layer receives the data and performs some pre-

processing procedures to normalize the peaks and then put them to the search engine 

which is the core of the program. The search engine communicates with the database 

layer and compares the input with each entry in the database and then finds the best 

candidates by scoring each pair and ranking the result. The result will be finally 

delivered back to the UI layer and displayed. 

In the database layer, data are also pre-processed. The original data are in FASTA 

format which is a standard and supported by almost all prevalent bioinformatics 

institutes. However, data in FASTA format only contains the basic information of 

protein such as protein name and protein sequence but not peptides. To make the 

search database comparable to the mass spectrum input peaks, a transformation is 

needed. The transformation applies specific enzyme (i.e. trypsin) to digest the protein 

sequences into pieces and calculated each peptide molecular weight individually. 

Then the search database is made for comparison.  
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Figure 17. Protein Decision Design. 
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4.3. ProteomeFactory 

ProteomeFactory is a UI based tool for proteomics analysis. It integrates the 

functionality of “SpotLink” and “Protein Decision” and aim to cover more 

computational analysis in proteome study. It is developed by java and open source 

under GNU license. It uses plug-in architecture and provides interface for user 

development. ProteomeFactory will provide the functionality to organize proteomics 

raw data, i.e. 2D gel data, mass spectrum data, protein profile expression data and 

generate web pages for display purpose. ProteomeFactory also integrates protein 

identification tool for biologists. It can be either for industry use or for research 

purpose. ProteomeFactory applies database technology for efficient operation, i.e. 

storage/extraction/calculation of data. 

Current version of ProteomeFactory applies Mysql as storage which has its own 

advantages. It is light-weight and the machine running ProteomeFactory doesn’t need 

pay for it because it’s open sources and free. Storing data in Mysql allows users to 

directly add / modify / delete contents in the database. This flexibility allows testing 

much easier.  
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Chapter 5. Summary 

 

5.1. Work Conclusion 

In the post-genome era, proteomics has become a basic tool in every aspect of 

biology, biomedicine and biotechnology. Proteomics study requires high-throughput 

experimental techniques that have been developed to characterize biological systems 

at the proteome scale. The high-throughput data are becoming more and more 

important for discovering new biological knowledge in life sciences. Besides 

genomics, proteomics is considered by many biologists as another important step in 

the study of biological systems. Its expressions differ from time to time, which makes 

it more complicated than genomics that is relatively constant. This is because the 

proteins are encoded by genes which determine when and how to express.  

Although many challenges are in the study of proteome, the importance of the 

study has been the main drive for long time. Since mRNA is not always translated 

into protein Rogers [71] and Dhingraa [72], and the amount of the proteins produced 

for a given mRNA depends on the state of the cell, proteomics, which confirms the 

presence of the protein and provides a direct measure of the quantity present becomes 

a useful tool. 

Thus, a key task in bioinformatics in the post-genome era is to develop efficient 

computational methods to be able to handle with and analyze the high-through put 

data and translate the data into biological knowledge. In specific in protein 
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identification, it is to discover the characteristic of mass spectrum, the protein 

sequences, peptides and species database and build the method to find their 

relationship. 

In our work, we studied different methods to identify proteins using peptide mass 

fingerprint data.  The main purpose is to improve the scoring schema, making the 

identification of protein more accurate and efficient. We introduced the background of 

this study field and reviewed several existing methods such as MOWSE, ProFound, 

Protein Prospector and Normal Distribution Scoring Function (NDSF) etc. We 

enumerated the advantages and novel characteristics for each method and discovered 

the points that can be improved.  

In the second chapter, we introduced scoring function that we have developed. 

We extend our work based on the MOWSE frequency table and applied more 

sophisticate statistics in the scoring function. Since our probability based scoring 

function (PBSF) integrates the peptide mass fingerprinting peak intensities and based 

on the independency of the peptide distribution, we also discussed these issues in 

chapter two. We applied Chi-square test to discover the dependency of peptide count 

and frequency distribution in terms of protein categories. In the study of peak 

intensities, we proposed the two-step normalization, in the second step of which, we 

used logistic function for nonlinear normalization and we estimated the parameters 

with maximum likelihood method. By comparing with previously introduced 

methods, our scoring scheme shows the best prediction result under simulation data 

and with experimental data.  
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In addition to the PBSF, we also developed the corresponding confidence 

assessment methods in chapter three. We applied statistics and rational approximation 

model to the peptide match event and calculated the confidence scores under the 

simulated distribution. We applied the knowledge of the binomial distribution and 

central limit theory to derive the method. Our simulation result shows that the 

confidence assessment method can adjust the bias of the scoring function and enhance 

the prediction accuracy.  

To validate and interpret the confidence scores, we performed the bootstrap 

procedure to find the scores’ distribution in a simulated sample. We resample the 

database by shuffling the sequences. We fitted the simulated distribution and 

calculated the p-values of the real score. Our result shows that, there’s obvious 

difference between the True Positives and any other class so that we can set a p-value 

threshold to help make decision. We also studied the correlation between these 

simulated p-values and the confidence scores. The Pearson correlation coefficient and 

the corresponding p-values prove the significant correlation between them so that the 

results show their consistence.  

In chapter four, we introduced the software that we have designed and 

implemented. We have implemented two major softwares for proteomics: one is 

“SpotLink” which is used to organize the proteomics data, generate clickable 2D gel 

page and corresponding detailed web pages to display and to publicize; the other one 

is “ProteinDecision” that includes our algorithm, confidence assessment function to 

perform the protein identification. We have also built the frame work of 
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“ProteomeFactory” whose purpose is to include abundant proteome computational 

analysis method and to cover as many as possible the analysis in the pipeline of 

proteomics experiment.  

 

5.2 Limitations 

Although we have tested our scoring function and confidence assessment 

methods on 52 protein samples, we want to get more data to test. The more data 

involved, the more problems might be found and more bias might be addressed. 

Further, our scoring function is still highly dependent on the quality of the input data. 

If the input mass spectrum is clean and well pre-processed, our scoring function 

performs great as well; otherwise, the performance will be affected by the false 

positive input. To address this issue, the study on the mass spectrum will help make 

the scoring function more efficient and robust.  By developing more efficient method 

for peak selection, the scoring function is expecting to make more accurate prediction. 

Finally, although our scoring function has integrated some biological factors such as 

miss-cleavage and protein molecular weight range setting, it does not integrates some 

other factors, in particular, post-translational modification to handle mass increments, 

neutral losses, or diagnostic fragment ions in peptide mass spectra. The study of the 

biological procedures or the incorporation with biologists will probably contribute 

more in the future work of development. 
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5.3 Future works 

Future work can be categorized in three aspects:  

1> Optimization of database search 

Database search is in potential to get improved. Since the searching database 

is known data, the idea is to do some prior processing to make peptide data 

more easily to be accessed during search. One method is to calculate the score 

for each protein-peptide pair and maintain a list for each peptide, in which all 

proteins that contain this peptide are included. All the peptides in database are 

sorted by their molecular weight and similar massed peptides are grouped 

together and managed in one file. Once the searching is performed, in the 

running time the program need only to find the score of each matched peptide 

in the target protein and sum them up. The problem is this solution requires a 

long time to pre-calculate the score for each peptide since a database may 

contain more than 106 proteins which yield to 107-108 peptides; an alternative 

way is to maintain several tables, each table manages a certain range of 

peptides. The possible parent proteins of a peptide will be recorded in the 

table.  

2> Development of “ProteomeFactory”  

“ProteomeFactory” is the software integrated with “Spotlink” and 

“ProteinDecision”. It is developed with Java and based on the plug-in 

technology. It provides interface that is easy to extend to more application in 
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proteomics such as MS/MS analysis, protein-protein interactions or even 

other application such as metabolism.  

3> Study on post-translational modification of protein 

Post-translational modification (PTM) is the chemical modification of a 

protein after its translation. It is one of the later steps in protein biosynthesis 

for many proteins. it extends the range of functions of the protein by attaching 

to it other biochemical functional groups such as acetate, phosphate, various 

lipids and carbohydrates, by changing the chemical nature of an amino acid 

(e.g. citrullination) or by making structural changes, like the formation of 

disulfide bridges. Since it can be detected by mass spectrum, the prediction of 

it will help enhance the protein identification accuracy.  
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APPENDIX 

 

List of Amino Acid Symbo, name, molecular formula and Mass 

 

Symbol 
(1 letter) 

Symbol 
(3 letters) 

Acid Name molecular 
formula 

Monoisotopic Average 

A Ala Alanine C3H5NO 71.03711  71.0788

R Arg Arginine C1H1N1O1 156.10111  156.1876

N Asn Asparagine C6H12N4O 114.04293  114.1039

D Asp Aspartic Acid C4H5NO3 115.02694  115.0886

C Cys Cysteine C3H5NOS 103.00919  103.1448

Q Gln Glutamine C5H8N2O2 128.05858  128.1308

E Glu Glutamic Acid C5H7NO3 129.04259  129.1155

G Gly Glycine C2H3NO 57.02146  57.0520

H His Histidine C6H7N3O 137.05891  137.1412

I Ile Isoleucine C6H11NO 113.08406  113.1595

L Leu Leucine C6H11NO 113.08406  113.1595

K Lys Lysine C6H12N2O 128.09496  128.1742

M Met Methionine C5H9NOS 131.04049  131.1986

F Phe Phenylalanine C9H9NO 147.06841  147.1766

P Pro Proline C5H7NO 97.05276  97.1167

S Ser Serine C3H5NO2 87.03203  87.0782

T Thr Threonine C4H7NO2 101.04768  101.1051

W Trp Tryptophan C11H10N2O 186.07931  186.2133

Y Tyr Tyrosine C9H9NO2 163.06333  163.1760

V Val Valine C5H9NO 99.06841  99.1326
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LIST OF ABBREVIATIONS 

2-DE Two-dimensional gel electrophoresis 

ACO Ant Colony Optimization 

CLT Central Limit Theory 

CR Confidence Rank 

ESI Electrospray Ionization 

FTMS Fourier Transform ion cyclotron resonance Mass Spectrometry 

HPLC High Performance Liquid Chromatography 

LC Liquid Chromatography 

m/z Mass-Charge Ratio 

MALDI-TOF Matrix Assisted Laser Desorption & Ionisation - Time Of Flight 

MLE Maximum Likelihood Estimation 

MPBSF Modified Probability Based Scoring Function 

MS Mass Spectrum 

MS/MS Tandem Mass 

NDSF Normal Distribution Scoring Function 

PAGE Polyacrylamide Gel Electrophoresis 

PBSF Probability Based Scoring Function 

pI Isoelectric Point 

PIS Precursor or Parent Ions Scan 

PMF Peptide Mass Fingerprinting 

PTM Post-Translational Modification 

QIT Quadrupole Ion Trap 

RMSE Root Mean Squared Error 

SDS Sodium Dodecyl Sulfate 

SR Score Rank 

SVM Support Vector Machine 

TOF Time of Flight 
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