
 

 

QUANTITATIVE APPROACHES FOR PROTEIN DIFFERENTIAL 

EXPRESSION ANALYSIS 

 

Xu Yang 

 

Thesis submitted to the faculty of the Virginia Polytechnic Institute and State 

University in partial fulfillment of the requirements for the degree of 

 

Master of Science 

In 

Biological Sciences 

 

Iuliana M Lazar 

Ina Hoeschele 

David Bevan 

Richard Walker 

 

 

November 30, 2009 

Blacksburg, Virginia 

 

Keywords: mass spectrometry, proteomics, quantitation 



QUANTITATIVE APPROACHES FOR PROTEIN DIFFERENTIAL 

EXPRESSION ANALYSIS 

 
Xu Yang 

 

Abstract 
 

In this work, tandem mass spectrometry (MS/MS)-based quantitative protocols were developed 

to facilitate differential protein expression analysis and biomarker discovery via a two-step 

sample interrogation strategy: (a) global protein profiling and differential expression analysis by 

spectral counting; and, (b) biomarker candidate validation by targeted screening, i.e., multiple 

reaction monitoring (MRM). 

 

Preliminary experiments were performed to evaluate the performance of the spectral counting 

method. The method proved to be applicable for proteins with spectral counts 2, and a close-

to-linear relationship between protein concentration and spectral count data was achievable at 

protein concentration levels <0.1 μM. The detection limit was 40-800 fmol.  

 

A protein/peptide library containing ~10,000 peptide entries that facilitates the development of 

future MRM experiments, was developed. For each protein, the library provides the number and 

sequence of detectable peptides, the charge state, the spectral count, the molecular weight, the 

parameters that characterize the quality of the tandem mass spectrum, the peptide retention time, 

and the top 10 most intense product ions that correspond to a given parent peptide. Only proteins 

identified by at least two spectral counts are listed. An MRM experiment was performed to 

demonstrate the successful applicability of this peptide library for the identification of putative 

biomarkers in proteomic samples. 
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Chapter 1   Research Objectives 

 
The discovery of novel protein biomarkers is essential in the clinical setting to enable early 

diagnosis, prognosis and treatment of a disease, and to increase survivability rates. The 

identification of protein biomarkers relies on the detection and quantitation of protein differential 

expression patterns in diverse samples. The purpose of this study was to develop mass 

spectrometry-based quantitative profiling methods for differential protein expression analysis 

and biomarker discovery. To enable the confident identification of novel biomarkers, I propose a 

protocol involving two steps: 1) To select putative biomarker candidates, I will perform global 

proteomic profiling and compare two relevant cell states by data-dependent tandem MS detection 

and spectral counting; 2) To validate the selection of biomarker candidates, I will perform 

targeted quantitative profiling by multiple reaction monitoring (MRM). Spectral counting is a 

label-free MS quantitation method that enables the identification of a large number of proteins, 

allows retrospective comparisons, and is applicable to ion trap instruments such as the one that 

was used for data acquisition in these experiments. However, in comparison to stable isotope 

labeling based quantitation approaches, spectral counting is a less reliable method. Thus, spectral 

counting is suitable for the preliminary screening of differentially expressed proteins and 

putative biomarkers, and, further validation is necessary.  MRM is a targeted quantitative method 

with high sensitivity and specificity, but only applicable to proteins with known sequence and 

peptide fragmentation pattern. This two-step quantitation protocol is expected to provide a large 

list of differentially expressed proteins that will enable biomarker discovery. In preparation for 

protein differential expression analysis, in this work, I evaluated the detection limit, sensitivity, 

dynamic range, linearity and variability of the spectral counting method. I have also generated a 

protein/peptide library containing ~10,000 peptide entries to facilitate the development of MRM 

experiments, and have demonstrated the applicability of this peptide library for the identification 

of putative biomarkers in proteomic samples. 
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Chapter 2   Introduction 

 
Mass spectrometry 
Mass spectrometry (MS) is a technique for analyzing ionized molecules in the gas phase. The 

instrument consists of a sample delivery system, an ion source, an analyzer, a detector and a 

computer. The analyte molecules are delivered to the ion source by a sample delivery system, 

and converted into gas phase ionic species. Then, the ions are injected into a mass analyzer and 

separated according to their mass-to-charge (m/z) ratio. The ion currents are detected by a 

detector, and displayed in proportion to the ion abundance in a so-called mass spectrum by a 

computer. The generated mass spectra are analyzed by various computer algorithms to extract 

information such as molecular weight or structure [1-4]. 

 

One of the most common sample delivery systems to a mass spectrometer is a liquid 

chromatograph (LC), a system that performs analytical separations of sample mixtures into 

individual components. Whole cell extracts contain thousands of components, and due to 

complexity, cannot be analyzed directly by MS. The sample is injected on the head of a 

separation column, and the application of a solvent gradient will induce sample migration 

through the column with a characteristic rate, and elution at a characteristic retention time [1]. 

 

The stream of separated compounds is delivered online to an electrospray ionization (ESI) 

source. A high voltage is applied to the capillary that delivers the analyte, resulting in the 

rearrangement of positively and negatively charged ion species. Ions that drift away from the 

high voltage source will expand the flowing liquid meniscus into a cone. A fine jet will emerge 

from the cone and break up into small droplets. The ions will be emitted from the surface of the 

charged droplets into the mass analyzer [4]. Alternatively, in proteomic studies, matrix assisted 

laser desorption ionization (MALDI) sources can be used.  

 

The analyzer is the core component of a mass spectrometer. In the analyzer, electric or magnetic 

fields are used to control the ion trajectories, induce differential ion motion according to the 
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mass-to-charge ratios (m/z), and, consequently, separate the ions. Various analyzers are available, 

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

(FTICR) and magnetic/electric sector. The instrument that will be used in this study is a linear 

ion trap. In this analyzer, ions are trapped in a quadrupole RF electrical field, and ejected 

sequentially based on their m/z [2-4]. The ejected ions reach a detector that will generate an ion 

current proportional to the ion abundance, as a function of m/z. The analog signals are converted 

to digital signals, amplified and delivered to a computer for data processing and display [2].  

 

By fragmenting ions of interest that are isolated in an analyzer, and determining their 

fragmentation pattern, structural information can be obtained. This process is called tandem MS 

or MS/MS, and is commonly used to sequence peptides to verify the presence of a protein. In a 

typical data-dependent MS/MS proteomic experiment, a complex protein sample is digested with 

trypsin to generate smaller molecular weight peptides, and the peptide mixture is analyzed by 

LC-MS/MS. By software control, the most abundant ion species from a mass spectrum (e.g., the 

top 5 most intense ions) are selected for fragmentation by successive collisions with inert gas 

molecules. This process is called collision induced dissociation (CID). The generated fragment 

ions are used to produce a tandem mass spectrum. By comparing the ion fragments from a 

tandem mass spectrum with the theoretical fragmentation pattern of a particular peptide from a 

database, the sequence of the peptides can be determined, and consequently the identity of a 

protein can be confirmed [2, 3]. 
 

Mass spectrometry methods for differential protein expression 

analysis 
Differential protein expression analysis of whole cell proteomes by MS has been largely 

accomplished by using stable isotope labeling or label-free approaches. Isotope labeling methods 

rely on the covalent attachment of stable isotope tags to specific amino acid residues of proteins 

or peptides during metabolic, enzymatic or chemical processes. Stable isotope labels can be 

attached to proteins during cell culture (metabolic labeling) by feeding the cells with a medium 

enriched in either the light or heavy isotopic species of certain amino acids [5]. Isotope labeling 

can be also performed during enzymatic cleavage. For example, during trypsinization, one or 

two 16O/18O from water will be incorporated into the newly generated peptide C-termini. After 
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cell culture, protein labeling can be accomplished by chemical methods that rely on covalent 

coupling reagents that contain either the natural or the heavy form of an isotope of H, N and O 

[6-8]. These reagents will react with various groups of specific amino acids from a peptide. 

Chemical labeling can be performed at the protein or peptide level, and the method is applicable 

to tissue labeling, as well.  

 

Isotope labeling methods require pair-wise comparisons between samples, preventing thus 

retrospective comparisons. Furthermore, such methods inevitably increase sample complexity as 

a result of incomplete labeling reactions or the generation of by-products, decreasing thus the 

proteome coverage. Label-free protein quantitation methods are promising alternatives. They 

rely on measuring peptide peak areas and intensities from chromatographic experiments, or 

spectral counts (SC) of peptide ions that correlate well with protein abundance. These methods 

benefit from not having to chemically alter the sample, however, throughput is lower, and the 

quantitation errors are higher as the samples are processed independently. Moreover, it is not 

always a straightforward process to establish a relationship between peptide abundance and 

measured peak areas or intensities (e.g., in the case of ion trap mass spectrometers, the number of 

ions entering the analyzer is adjusted dynamically during analysis, to ensure that a sufficient 

number of ions enter the trap without inducing space charge effects). 

 

Spectral counting 
One of the label-free methods, termed spectral counting, compares the total number of tandem 

mass spectra that are generated for a particular protein in different samples. The method relies on 

the simple concept that an increase in protein abundance can increase the number of its 

detectable proteolytic peptides, and, consequently, of the total number of tandem mass spectra 

(MS/MS) that are acquired for that peptide. The spectral count of a protein represents the sum of 

all tandem mass spectra that correspond to all peptides generated from that protein, at all charge 

states, and that pass a pre-set quality threshold. Liu et al. has demonstrated a linear relationship 

between the spectral count and the relative protein abundance over a dynamic range of 2 orders 

of magnitude [9]. By a study that quantified crude membrane proteins from S. cerevisiae using 

both chromatographic and spectral counting methods, Zybailov et al. demonstrated that simple 

spectral counting can generate results that are consistent with the chromatographic method.  
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Moreover, spectral counting proved to be more reproducible and have a larger dynamic range. 

[10] 
 

Quantitative evaluations of complex proteomic data require rigorous statistical analysis. 

Routinely used statistical methods, such as the student t-test, usually require at least 3 biological 

replicates. However, due to limitations in sample availability and analysis time, it is not always 

practical to generate multiple replicates. A statistical evaluation method that requires no 

replicates is necessary. Zhang et al. compared three different statistical tests that require no 

replicates for distinguishing significant from insignificant abundance changes when using the 

spectral counting method. These tests included the Fisher’s exact test, the AC test and the G-test 

[11]. It was shown that at high protein expression levels, these statistical tests require a small 

change in expression for a change to be called significant, while at low protein expression levels, 

a large change is required. The three tests achieved similar power, and the G-test was regarded as 

a good choice for evaluating changes in protein expression by spectral counting as a result of its 

computational simplicity. Old et al. surveyed three conditions in human K562 cells, and by using 

spectral counting, detected 41 proteins changing in abundance between control and PMA 

(phorbol 12-myristate 13-acetate) treated samples [12]. The study of Smalley et al. yielded 21 

proteins detected in plasma microparticles (with a total spectral count of 10 or greater) that were 

essentially absent in platelet microparticles (with a total spectral count of 1 or 0) [13]. 

 

The G-test is a likelihood ratio test for goodness of fit.  The test statistic G is calculated as: 
 

 
 

where ,  are the observed spectral counts for a given protein in sample 1 and sample 2, 

respectively, and ,  are the expected frequencies.  In this case, the null hypothesis is that 

there is no differential expression for this protein in the two samples. Thus: 

 

=( + )/2. 
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The G-statistic then becomes: 
 

 
 

The distribution of the G-statistic is expected to approximate a χ2-distribution with one degree of 

freedom. A p-value can be calculated by this assumption to provide an estimation of the false 

positive rates [14]. 

 

Multiple reaction monitoring (MRM) 
The validation step of a biomarker involves the use of a robust analytical method. The classical 

data-dependent driven MS/MS profiling technique, in which an attempt is made to detect all 

components in a proteome, has provided limited reproducibility for quantitation purposes, and 

limited capability for detecting low abundant proteins, such as the case of many biomarkers. At 

the cost of restricting the discovery potential, a targeted screening approach, i.e., multiple 

reaction monitoring, has been developed. The method enables the reliable detection and 

quantitation of representative peptides for selected protein biomarkers. An MRM experiment is 

conducted by selecting representative peptides of a protein with known m/z values (precursor 

ions), fragmenting them through collision induced dissociation, and monitoring only specific, 

pre-selected daughter fragments (product ions) that are characteristic to each precursor. The 

combination of precursor-product m/z values is known as a ‘transition,’ and is highly specific for 

a given peptide amino acid sequence. As only a narrow mass range around the m/z of the 

daughter ion is monitored by MS, the method provides for a fast and sensitive detection of the 

selected peptides. When combined with methods that rely on the use of stable isotope-labeled 

peptide standards, this approach can be successfully applied for the absolute and relative 

quantitation of low abundant components in complex samples. With this method, 47 

high/intermediate-abundance proteins were quantified successfully in human plasma (<1 μg/mL 

level, coefficient of variation, CV=2-22 %) [15], and C-reactive protein [16], human growth 

hormone [17] and prostate-specific antigen [18] were measured in plasma or serum. 

 

While MRM is one of the most sensitive MS scanning modes for peptide identifications, it is 
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mostly applicable to previously identified peptides with known MS/MS fragmentation pattern. In 

order to perform MRM experiments, the m/z of a specific peptide precursor and its selected 

product ions must be known. Large-scale proteomic analyses on various mass spectrometry 

platforms have revealed that proteins are consistently identified by only a handful of possible 

tryptic peptides, and that frequently observed peptides are not necessarily generated from the 

most abundant proteins. The peptides that are preferentially observed for a protein are called 

“proteotypic” peptides, and can be predicted by computational tools [19, 20]. However, such 

tools do not provide information about the peptide fragmentation pattern. Moreover, the 

computational predictions are often mass spectrometry platform dependent. Tandem mass 

spectra of proteotypic peptides, most commonly generated on quadrupole or 3D ion trap 

instruments, have been collected so far in databases such as PeptideAtlas [21], GPM [22] and 

PRIDE [23]. However, due to differences in the CID process, triple quadrupoles and ion traps 

often generate different peptide fragmentation patterns (i.e., different product ion species with 

different intensities), and, to date, very few data generated by linear ion trap instruments have 

been made available through public repositories. In this work, human breast cancer tandem mass 

spectrometry data generated on a linear ion trap instrument (LTQ/Thermo) that were collected 

into a library of 1,572 proteins matched by a list of 9,677 peptides, are provided. Among many 

parameters, the spectral count for each ion species, the best p-value, and the top 10 most intense 

daughter ions are provided to enable the selection of the most frequently identified peptides for 

MRM proteomic explorations. Validation of protein identifications, and relative/absolute protein 

quantitation for biomarker discovery and/or screening applications, are envisioned to be the most 

relevant applications that would benefit from the information provided in this table.   
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Chapter 3   Methods of Analysis/Experimental 

 
Sample preparation 
Reagents. MCF-7 cells, Eagle’s Minimum Essential Medium (EMEM), fetal bovine serum 

(FBS), insulin and trypsin/EDTA for cell detachment were purchased from ATCC (Manassas, VA 

USA). Phenol red-free DMEM (Dulbecco’s Modified Eagle’s Medium) was from Invitrogen 

(Carlsbad, CA, USA), charcoal/dextran treated fetal calf serum from HyClone (Logan, UT, 

USA), and trypsin (phenol red free) from SAFC Biosciences (Lenexa, Kansas, USA). RIPA lysis 

buffer was obtained from Upstate (Lake Placid, NY, USA). Protease inhibitor cocktail and 

phosphatase inhibitors, L-glutamine, NaCl, TFA, HCOOH, TrisHCL, DTT, urea, β-estradiol (E2) 

and the bovine protein standards were purchased from Sigma (St. Louis, MO, USA). Sequencing 

grade modified trypsin was from Promega Corp. (Madison, WI, USA). NH4HCO3 was purchased 

from Aldrich (Milwaukee, WI, USA). HPLC grade acetonitrile was purchased from Fisher 

Scientific (Fair Lawn, NJ, USA), and deionized water (18 MΩ-cm) was generated using a 

MilliQ ultrapure water system (Millipore, Bedford, MA, USA). 

 

Cell culture. MCF-7 cells were cultured in EMEM supplemented with 0.1 % bovine insulin and 

10 % FBS, or DMEM supplemented with L-glutamine, β-estradiol and charcoal stripped FBS. 

Cells were cultured in an incubator at 37 ºC with 5 % CO2. At 70 % confluence, the cells were 

harvested and stored at -80 ºC until further processing. 

 

Protein extraction and digestion. The MCF-7 soluble proteins were extracted by lysing the cells 

with a mixture of 1 mL RIPA buffer (500 mM TrisHCl pH 7.4, 1.5 M NaCl, 10 % NP-40, 2.5 % 

deoxycholic acid, 10 mM EDTA), 100 µL protease inhibitor cocktail (104 mM AEBSF, 0.08 mM 

aprotinin, 2 mM leupeptin, 4 mM bestatin, 1.5 mM pepstatin A, 1.4 mM E-64), 100 µL NaF 

(~100 mM) and 50 µL Na3VO4 (~200 mM) as phosphatase inhibitors, and 8.75 mL water. Cells 

in the lysis buffer were rocked for 2 h at 4oC, followed by centrifugation for 15 min at 13,000 

rpm at 4 oC. The soluble protein concentration in the supernatant was measured using the 

Bradford assay at 595 nm with a SmartSpec Plus Spectrophotometer (Bio-Rad, Hercules, CA). 
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Soluble proteins were denatured with urea (8 M) and DTT (4.5 mM) at 60 oC for 1 hour, diluted 

10 times with NH4HCO3, and proteolyzed with trypsin (substrate:enzyme ratio, 50:1 w/w). The 

digestion process was performed at 37 oC overnight, and quenched with 10 µL TFA/mL protein 

digest. The protein digest was desalted with SPEC-PTC18 solid phase extraction pipette tips 

(Varian Inc., Lake Forest, CA) to enable further processing by MS. 

 

SCX-RPLC-MS/MS analysis 
SCX prefractionation. Strong cation exchange (SCX) pre-fractionation was performed on a 

Zorbax Bio SCX Series II column (0.8 mm i.d. x 5 cm) from Agilent Technologies. Solvent A 

was H2O/CH3CN (95:5 v/v) supplemented with 0.1 % HCOOH, and solvent B was H2O/CH3CN 

(95:5 v/v) supplemented with 0.1 % HCOOH and 500 mM NaCl. The eluent gradient was 1 h 

long, 0 % to 100 % B, at 20 µL/min. Sixteen fractions were collected for LC-MS/MS analysis. 

 

RP-HPLC. Reversed phase columns (100 µm i.d. x 12 cm) were packed with 5 µm Zorbax SB-

C18 packing material (Agilent Technologies) and connected to a 1 cm long (20 µm i.d. x 90 µm 

o.d.) nanospray emitter. Solvent A was H2O/CH3CN (95:5 v/v) and solvent B was H2O/CH3CN 

(20:80 v/v), both supplemented with 0.01 % TFA. The eluent flow rate was 2 µL/min (no-split) 

during sample loading, and 10 µL/min (split) during sample analysis. The split flow rate through 

the HPLC column was ~160-180 nL/min. The eluent gradient was 3 h long, 0 to 100 % B. 

 

ESI-MS/MS. A data dependent MS/MS acquisition method was set up as follows: 1 MS scan (5 

microscans averaged) was followed by 1 zoom scan (5 microscans averaged) and 1 MS2 on the 

top 5 most intense peaks; zoom scan width was ±5 m/z; dynamic exclusion was enabled at repeat 

count 1, exclusion list size 200, exclusion duration 60 s and exclusion mass width ±1.5 m/z. CID 

parameters were set at isolation width 3 m/z, normalized collision energy 35 %, activation Q 

0.25, and activation time 30 ms. Database searching was performed with the Sequest-based 

Bioworks 3.3 software package (Thermo Electron Corp, San Jose, CA) using a human protein 

database downloaded from SwissProt (02/25/08). The database search parameters were set at: 

only fully tryptic fragments were considered for peptide matching, the number of allowed missed 

cleavage sites was 2, the peptide tolerance was 2 amu, and the fragment ion tolerance was 1 amu. 

Chemical and posttranslational modifications were not allowed, and the capability to match one 
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peptide sequence to multiple references within the database was disabled.  

 

Mass spectral data filtering was accomplished with the Sequest cross correlation (Xcorr) vs. 

charge state filter at the peptide level, and the p-value filter at the protein level. The Xcorr value 

for a tandem mass spectrum describes how well the virtual spectrum of a peptide cross-correlates 

with the experimental spectrum; the higher the Xcorr value, the better the correlation. Typically 

(if not otherwise specified), this filter was set at Xcorr=1.9 for singly charged peptides, 

Xcorr=2.2 for double charged peptides, and Xcorr=3.8 for triply charged peptides. Large 

peptides, that can accommodate higher charges states (CS), require higher Xcorr thresholds as 

such peptides can generate more fragments upon CID, increasing the likelihood of a random 

match between a virtual and experimental mass spectrum. The p-value represents the probability 

of a random match of a peptide to a sequence in the database, and is calculated by the Bioworks 

software from several parameters that characterize the quality of a tandem mass spectrum. If a 

protein is matched by a single peptide, the p-value of that protein has the p-value of the matching 

peptide. If a protein is matched by several peptides, the p-value is adjusted to reflect an increased 

confidence (lower p-value) in the identification of that protein. The p-value threshold for proteins 

was set at p=0.001 [for easier representation, the p-values are listed as -10log10(p), i.e., the 

threshold becomes -10log10(0.001)=30]. 

 

MRM data acquisition included the development of LC-MS/MS runs with 1-6 segments (20-240 

min long) and 6-9 scan events/segment, and was performed using the same CID parameter 

settings as for data dependent analysis. Specific conditions for each transition are discussed in 

the following sections of this project.  

 

Data set generation for spectral counting 
To evaluate the spectral counting method, three datasets were generated: 

Data set (1). The whole E2-treated cell extract (~2 μg total protein/μL) was diluted 2, 3, 5 and 10 

times. All samples were analyzed twice by LC-MS/MS (8 μL injections), and the data were 

combined at each dilution level. The raw files were searched with the Bioworks/Sequest 

algorithm and the generated peptide lists were filtered with the Xcorr vs. charge state filter. The 

spectral counts were calculated by an in-house generated Perl-script that counted all peptides that 
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passed the Xcorr vs. charge state filter and all proteins with p<0.001. The spectral count for each 

protein, in each dilution state, was calculated from the sum of all spectral counts for all matching 

peptides in the duplicate runs. 

 

Data set (2). The original E2-treated cell extract was spiked with 10 standard bovine proteins at 

0.005, 0.025, 0.05, 0.1, 0.5 µM concentration levels.  The 10 standard bovine proteins included: 

hemoglobin subunit alpha (HBA), hemoglobin subunit beta (HBB), alpha-S1-casein (CASA1), 

alpha-S2-casein (CASA2), cytochrome c (CYC), beta-casein (CASB), carbonic anhydrase 2 

(CAH2), albumin (ALBU), alpha-lactalbumin (LALBA) and alpha-2-HS-glycoprotein (Fetua). 

The samples were analyzed by LC-MS/MS, the peptide lists were filtered with the Xcorr vs. 

charge state filter, and only proteins with p<0.001 were selected for analysis. 

 
Data set (3). Two cytoplasmic extracts of E2-treated MCF-7 cells (i.e., experimental replicates 

of one cell culture) were analyzed by LC-MS/MS. Three LC-MS/MS consecutive injections 

(technical replicates) were performed for each extract, and the results of the three LC-MS/MS 

runs were combined into one data set. In addition to using raw spectral count data, an in-house 

developed Perl-script was used to calculate p-value-weighted spectral counts. Weighted spectral 

counts were calculated to enable an investigation of best data processing practices that could lead 

to results with improved reproducibility and minimal false positive identifications. Based on 

manual evaluations of tandem mass spectra, and depending on the charge state of the peptide, the 

following preliminary conditions were used for weighting the spectral count of a peptide (lower 

p-value thresholds were used for triply charged peptides that are more prone for generating false 

positive identifications, i.e., p=0.0001 vs. p=0.001):  

- CS=(1+) or (2+), and p ≤ 0.001 [i.e., -10log10(0.001) ≥ 30]; then SC=1. 

- CS=(1+) or (2+), and p > 0.001 [i.e., -10log10(0.001) < 30]; then SC=[-log10(p)]/30. 

- CS ≥ (3+) and p ≤ 0.0001 [i.e., -10log10(0.0001) ≥ 40]; then SC=1. 

- CS ≥ (3+) and p > 0.0001 [i.e., -10log10(0.0001) < 40]; then SC=[-log10(p)]/40. 

 

The G-test was used to select for differentially expressed proteins. In this case, since the two 

samples were experimental replicates, the G-test returns a measure of the rate of experimental 

errors (i.e., of false positive protein differential expression). The G-statistic was calculated as:  
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where  is a correction factor set to 0.5 that was added to the spectral count of each protein to 

avoid discontinuities for proteins with SC=0. 

 

Peptide library generation for MRM analysis 
The peptide library was generated from three sets of SCX-LC-MS/MS experiments (48 LC-

MS/MS runs in all) combined with ten LC-MS/MS experiments performed on whole MCF-7 

cellular extracts. The raw data from all 58 runs were processed together by the Bioworks/Sequest 

software, and filtered by the Xcorr vs. charge state filter (Xcorr=1.5 for z=1, Xcorr=2.0 for z=2, 

and Xcorr=3.0 for z≥3). Only proteins with p<0.001 that were matched by at least two peptides 

(spectral counts) were considered in the analysis. The p-value (in this case) represents the 

probability of a random match as calculated by the Bioworks software. A first Perl-script was 

written to calculate the spectral count for each peptide in the data set, and to select the spectrum 

with the best p-value for each peptide at a given charge state. A second Perl-script was written to 

select representative daughter ions for MRM analysis. The strategy involved selecting the top 10 

most intense fragment ions from a tandem mass spectrum, after excluding ions around the m/z of 

the parent (m/zparent ± 60) to avoid the selection of adducts or neutral loss ions from the parent, 

and around any fragment ion that was selected in the top 10 most intense list (m/zfragment ± 3) to 

avoid duplication by the selection of isotopic peaks. The third Perl-script was used to calculate 

the observable peptides for each protein. The algorithm involved performing in-silico tryptic 

digestion for each protein in the SwissProt database, and counting the number of peptides with 

mass ranging from 500 to 4,000 Da and with 0, 1 or 2 missed cleavages. The fourth Perl-script 

was used to extract the LC retention time of each peptide from the Sequest result files.  
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Chapter 4   Results and Discussions 

 
Spectral counting analysis 
Preliminary analysis. To evaluate the efficacy of the spectral counting method for quantifying 

changes in protein abundance levels, a preliminary dilution experiment of E2-treated MCF-7 

cells was performed. Data set 1 was used in the analysis. The original MCF-7 extract (2 μg total 

protein/μL) was diluted 2, 3, 5 and 10 times, and each sample dilution state was analyzed twice 

by LC-MS/MS (8 μL injections). A total of 703 unique proteins (p<0.001) were identified in the 

combined ten LC-MS/MS experiments, including the un-diluted sample (see experimental 

section). The original sample returned 640 proteins, while the diluted samples returned 447, 255, 

165 and 88 proteins for the 2X, 3X, 5X and 10X dilution states, respectively. Ignoring the bias 

introduced by the dilution process on a peptide detection effectiveness (i.e., the likelihood of a 

peptide to be selected for tandem MS and generate a spectral count is higher in a less complex 

than in more complex sample matrix), the spectral count for each protein in a diluted sample was 

compared to the original un-diluted sample. The percentage of proteins that displayed a 

decreased spectral count upon an X-fold dilution is shown in Figure 1. One can conclude that for 

low abundance proteins, with SC=0-1, the spectral counting method does not provide 

meaningful results: i.e., at a 2-fold sample dilution, the percentage of proteins with decreased 

spectral counts was only ~65 %, and even at a 10-fold sample dilution, this percentage did not 

exceed ~82 %. However, for proteins with an original SC 2, a 2-fold sample dilution resulted 

in ~90 % proteins with decreased spectral counts (91 % for SC=2-4, 91 % for SC=5-10 and 89 % 

for SC>10). At a 3-fold sample dilution, essentially >98 % of all proteins with SC 2 in the un-

diluted sample displayed a decreased number of spectral counts. These results suggest that the 

spectral counting method will not be effective in detecting small changes in protein abundance. 

It will be, however, responsive at larger than 3-fold changes in protein abundance, and will 

provide meaningful results for proteins that are sufficiently abundant to generate a SC 2. As a 

result, for future experiments, we retained for analysis only proteins that displayed at least one 

SC=2 in any of the replicate LC-MS/MS runs. 
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Figure 1. Bar graph illustrating the proportion of proteins that decreased the spectral count upon 
2-10 fold dilution. The original MCF-7 extract was diluted 2, 3, 5 and 10 times, and each sample 
dilution state was analyzed twice by LC-MS/MS. The spectral counts were taken as the average 
of two injections. Proteins were grouped according to their spectral count in the original un-
diluted sample.  
 
Detection limits and sensitivity. To evaluate the detection limit, sensitivity, dynamic range and 

linearity of the spectral counting method, a standard-spike experiment was conducted. Data set 2 

was used in the analysis. Ten protein standards at different concentrations were spiked into the 

MCF-7 cell extract. The change in SC with the concentration of each spiked protein is shown in 

Figure 2. When using data dependent LC-MS/MS, the detection limit for most proteins (the 

lowest amount at which a protein was identifiable by at least one SC) was ~40 fmol. For some 

proteins, however, the detection limit was higher, i.e., 200 fmol for CYC, 400 fmol for CAH2 

and 800 fmol for LALBA. This can be the case of hydrophobic proteins that do not digest well 

with trypsin (i.e., some peptides are generated in lower concentration than the parent protein or 

are missing completely), or of low MW proteins that generate a small number of tryptic peptides. 

In addition, the proteotypic properties of tryptic peptides, i.e., their propensity for identification, 

differ as a function of the peptide amino acid sequence. In terms of analytical sensitivity, the 

spectral counting method displayed a higher sensitivity at low vs. high protein concentrations 

levels (i.e., at low protein concentration levels, a larger change in spectral counts was generated 

for a smaller change in protein concentration). 
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At low protein concentrations, as the concentration is increasing, a progressively larger number 

of peptides can be detected for each protein. In addition, with increasing concentration levels, the 

width of the LC chromatographic peak that is comprising a given peptide may increase, as well, 

enabling the generation of more tandem mass spectra per peptide. Overall, these effects result is 

a rather linear relationship between the protein concentration and the corresponding spectral 

count data. However, when the protein concentrations increase beyond certain levels, additional 

proteotypic peptides cannot be identified any longer, and a saturation effect can be observed. The 

spectral counts level off, and the sensitivity is lost. As a result, the sensitivity of the spectral 

counting method becomes lower at high protein concentration levels. Figure 2 displays the 

change in spectral counts over a protein concentration dynamic range of ~100 (0.005 μM-0.5 

μM), the relationship between spectral counts and concentration approaching linearity only at 

very low concentrations, i.e., below 0.05 μM (i.e., below ~400 fmol injections). A logarithmic 

trend line was found to represent the best fit to these data. The corresponding correlation 

coefficients, R2, are provided in each graph. 

 

Spectral count data processing. To evaluate the quality of the spectral counting data and 

minimize the false positive rates generated upon statistical analysis, two experimental replicates 

of a cytoplasmic extract of E2-treated MCF-7 cells were compared. Data set 3 (comprised of two 

data sets corresponding to the two experimental replicates) was used in the analysis. Only 

proteins with at least one SC=2 in any of the replicate LC-MS/MS runs were considered for 

analysis. Three methods were used to calculate the spectral count of a protein in a sample. The 

raw spectral counts in the three LC-MS/MS replicates were: (a) averaged, (b) summed or (c) 

weigthed and averaged (we note that the Bioworks software package calculates only summed 

spectral counts; averaged and averaged/weighted spectral counts were calculated in an attempt to 

improve the data processing protocol). Next, the spectral counts for each protein were 

normalized to generate identical total counts for the two samples (extracts). The ratio (r) of the 

spectral counts for a protein in the two samples was calculated as follows: 
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Figure 2. Correlation between spectral count data and protein concentration. Ten protein 
standards (5 nM to 500 nM) were spiked into the MCF-7 cell extract. Three LC injections were 
made at each concentration level (averaged data points are shown). A logarithmic trend line was 
observed between the spectral count data and the sample concentration. 
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r= log2 [(f1+f0)/(f2+f0)] 

 

where f1, f2 are the normalized spectral counts in the two samples, and f0 is a correction factor 

(f0=0.5) that is added to each count to avoid divisions by 0 (when the spectral count for a protein 

is 0)[24]. The expected value of r is 0, and the standard deviation (SD) of all r values can be 

used to evaluate the intrinsic variability of spectral count data between two identical samples. 

The averaged/summed data were also compared to the spectral count data generated from single 

LC-MS/MS runs (Table 1). 

Table 1. Impact of spectral count averaging and summing on data quality. 
 Single run Average of 

3 runs 
Sum of 
3 runs 

Average of 3 runs with 
p-value weighting 

Protein # 657 807 807 656 

Mean r -0.23 -0.21 -0.35 -0.21 

SD 1.49 1.12 1.67 1.03 

 
Notes: Two cytoplasmic extracts (experimental replicates of one E2-treated MCF-7 cell culture) 
were compared. Three LC-MS/MS injections were performed for each extract. Only proteins 
with at least one SC of 2 in any of the replicate LC-MS/MS runs were considered for analysis. 
The data in the two experimental replicates were normalized to generate identical total counts in 
the two samples. (r) represents the ratio of the spectral counts for a protein in the two samples. 
Weighted spectral counts were calculated based on p-value thresholds.  
 

The following conclusions can be drawn from Table 1: (1) The number of proteins that qualified 

for quantitative analysis increased with the number of processed LC-MS/MS runs; this was an 

expected outcome (columns 3 and 4 vs. column 1). (b) Calculating the average of spectral counts 

in three LC-MS/MS runs generated better results in terms of mean and SD values, than single 

(column 3 vs. column 2) and summed data (column 3 vs. column 4); i.e., the mean ratio r was 

closest to 0, and the SD was minimal for averaged data; for summed data, a larger SD value was 

an expected outcome; overall, the main contributors to increased SD values were primarily 

proteins with SC<10. (c) p-value weighting did not improve significantly the quality of averaged 

data. It reduced, however, the total number of proteins that qualified for analysis, as due to 

weighting, certain peptides generated a SC<1 and a larger number of proteins with SC<2 that 
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were later eliminated from the list. Based on these results, data generated from LC-MS/MS 

technical replicates were processed by averaging prior to statistical data evaluations. Weighting 

of raw spectral counts will be, however, further investigated to identify possible data processing 

protocols that may lead to decreased variability between experimental replicates. 

 

Statistical analysis. To further evaluate the utility of the spectral counting method for protein 

differential expression analysis, the applicability of the G-test to the analysis of spectral count 

data was assessed (G 3.841, 95 % confidence level, proteins with p<0.05 are considered to be 

differentially expressed). Data set 3 was used in the analysis, and as previously described, 

spectral count data from three technical replicates for each of the two cytoplasmic extracts were 

averaged and normalized prior to running the test. We note, again, that for the case of the two 

cytoplasmic experimental replicates, the G-test will return the false positive rate of the spectral 

counting method and not the differentially expressed proteins. A scatter plot representing the 

protein spectral counts in sample 2 vs. sample 1 is provided in Figure 3. The solid line (y=x) 

represents equal spectral counts in the two samples, and the two dashed lines represent the 

p=0.05 threshold confidence level for the G-test. All proteins falling outside the dashed lines are 

considered false positives. To better reveal the details, only proteins with SC<100 are shown in 

Figure 3. Overall, out of the 801 proteins considered in the analysis, 14 proteins fell outside the 

0.05 threshold, resulting in a real false positive rate of 0.017 (1.7 %), suggesting that the false 

positive rate reported by the G-test is a conservative estimate. However, it was observed that the 

proportion of proteins falling outside the dashed lines increased with an increase in spectral 

counts: for proteins with a SC<4, 0 out of 560 proteins fell outside the dashed lines, resulting in a 

false positive rate of 0 %; for proteins with SC=5-10, 6 out of 149 proteins fell outside the 

dashed line, resulting in a false positive rate of 4 %; and, for proteins with SC>10, 8 out of 92 

proteins fell outside the dashed lines, resulting in a false positive rate of 8.7 %. This outcome 

suggests that the G-test is likely to overlook changes in protein expression levels at low spectral 

counts, and generate a progressively increased percentage of false positives at high spectral 

counts. Therefore, we expect that the G-test will display low sensitivity at low spectral counts, 

and high sensitivity at high spectral counts (sensitivity referring to the probability of the test 

being positive for a true change in abundance). A low sensitivity statistical test at low spectral 

counts is actually desirable, as the variability of the spectral count measurements is larger at low 
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counts, however, additional work will have to be performed to strengthen the conclusions 

generated by these preliminary results. 

 

 

 

Figure 3. Scatter plot of protein spectral counts from two experimental replicates of a 
cytoplasmic extract of E2-treated MCF-7 cells. The solid line (y=x) represents equal spectral 
counts in the two samples, and the two dashed lines represent the p=0.05 threshold confidence 
level for the G-test. All proteins falling outside the dashed lines are considered false positives. 
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Peptide/protein library for MRM analysis 
Library construction and content. To facilitate targeted protein screening and quantitation 

approaches, as well as biomarker validation studies via MRM-MS analysis, a protein/peptide 

library was generated from 58 LC-MS/MS data dependent analyses, corresponding to MCF-7 

samples processed by three SCX-LC-MS/MS experiments involving a total of 48 sample sub-

fractions, and ten LC-MS/MS experiments of whole cellular extracts [25]. The library comprises 

a total of 1,572 proteins matched by 9,677 peptides, all with p<0.001. By selecting only proteins 

and peptides with p<0.001, the rate of false positive identifications, when searching the data 

against a reversed human protein database, was ~1.5 % and ~4.5 % at the peptide and protein 

levels, respectively. At the protein level, the library provides the p-value, the sequence coverage, 

the molecular weight, and the number of total and unique peptides observed for each protein.  

The total number of observed peptides (or the peptide hits) represents the spectral count.  We 

also calculated the number of theoretically observable peptides for each protein, by performing 

in silico digestion of protein sequences and calculating the number of peptides with maximum 2 

missed cleavages and an observable mass within 500-4000 Da. The protein abundance index 

(PAI) was calculated as the ratio of unique observed to observable peptides [26]. At the peptide 

level, the library provides the amino acid sequence of each peptide, the charge state, the spectral 

count of each peptide at each identifiable charge state, the protonated mass (MH+), the 

parameters that characterize the quality of the corresponding tandem mass spectrum [DeltaM, p-

value, Score, Xcorr, DeltaCn, Sp, the # of matching ions (b, y and a) in the tandem mass 

spectrum], and the top 10 most intense product ions (transitions) from each tandem mass 

spectrum for MRM analysis (Figure 4). 

 

With the aid of this library, an MRM experiment for the identification or quantitation of a target 

protein can be conveniently designed. For every protein, the spectral count of each peptide, at 

the detectable charge state, reflects the propensity for its identification. The p-value and the other 

Sequest scores reflect the quality of the tandem mass spectrum that led to the identification of 

the peptide.  



 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Figure 4. Excerpt from the peptide/protein library for MRM analysis. Five proteins (yellow lines), and the available information for 
each protein, are shown. The peptides for each protein are listed with their charge states, spectral counts and mass of MH+. For each 
peptide, the spectrum with the highest p-value was selected, and the Sequest scores related to the spectrum quality, such as DeltaM, 
XCorr, DeltaCn, Sp and number of ions, are listed. The last column provides the top 10 most intense fragment ions in this spectrum. 
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Up to ten MRM transitions can be set up for each parent ion. By allowing only peptides with 

p<0.001 in the library [i.e., -10log(p)>30], it was ensured that the product ions selected by the 

Perl script are mostly a, b, y, H2O/NH3-neutral loss, or multiple loss ions, but not noise or other 

contaminants. Quick manual corroboration, for example, by generating product ion information 

with software packages such as Protein Prospector (http://prospector.ucsf.edu), can confirm the 

validity of the product ions displayed in the library and help eliminate the ions that eventually do 

not belong to the considered peptide.  
 

Data evaluation. To obtain a qualitative view of how well our protein pool from the library 

represents the human proteome, a chart reflecting the experimental frequency of the 1,572 

identified proteins as a function of MW (that ranged from ~5,000 to ~1,000,000 Da) was 

constructed, and compared to a similar chart reflecting the theoretical protein distribution 

downloaded from the SwissProt/Expasy website (http://www.expasy.ch] (see Figure 5). The 

MW was expressed in terms of number of amino acids per protein, by assigning to each amino 

acid the molecular weight of averagine, i.e., MW=111.12 [averagine representing a model amino 

acid with a molecular formula computed from the statistical occurrences of amino acids in PIR 

(protein information resource) database] [27].  The experimental and theoretical distributions 

were fairly similar, illustrating that our dataset comprised a representative set of proteins, and 

that our experimental protocol performed well in sampling the human proteome. A small bias 

towards proteins with a larger number of amino acids, was, however, observed. It was noticed 

that proteins with a sequence shorter than 200 amino acids (MW~22,000) were less frequently 

encountered. The theoretical and experimental protein distributions peaked at proteins containing 

140-160 and 180-200 amino acids, respectively. We attributed this bias to a lower sampling rate 

of such proteins during MS data dependent analysis, as a result of a smaller number of matching 

tryptic peptides that can be generated from low MW proteins. 

 

The overall sequence coverage of the detected proteins ranged from 0.04 % to 98.3 %. As shown 

in Table 2, the sequence coverage decreased with an increase in molecular weight.  In contrast, 

the number of unique peptides assigned to each protein increased as the molecular weight of 

proteins increased. We could expect that large MW proteins will generate a larger number of 

peptides, increasing, thus, the likelihood of detection during a data dependent analysis. 
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Figure 5.  Distribution of proteins by number of amino acids. (A) Theoretical distribution 

downloaded from SwissProt; (B) Experimental distribution of our dataset.   
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Low MW proteins were clearly under-sampled in our extract, and the number of available 

peptides/protein for MS detection could provide at least a partial explanation for a more 

successful mapping, in terms of numbers, of high MW proteins. However, we also note that 

while the overall sequence coverage of the identified proteins was broad, the low MW proteins 

were clearly identified with a higher sequence coverage despite the smaller number of unique 

peptides/protein. Interestingly, the total number of spectral counts for each protein first increased, 

and then dropped with the molecular weight of the proteins. The protein sequence coverage and 

the number of spectral counts, while dependent on the protein MW, are also indicative of the 

protein abundance in a sample and of the peptide propensity for MS identification. Further work 

will be performed to better evaluate whether there is a reliable relationship between protein 

molecular weight and abundance in such cellular extracts.   

 

 

 



Table 2.  Protein sequence coverage as a function of molecular weight. The total number of proteins in the data set was 1572. 
 

 

Protein MW 

Experimental 

proteins 

% 

Theoretical 

proteins 

% 

Unique 

peptides per 

protein 

Spectral 

counts per 

protein 

Sequence 

coverage 

% 

Proteins with 

SeqCov>30% 

% 

Proteins with 

SeqCov<10% 

% 

0-9,999 1.4 5.66 2-9 2-37 14.3-71.1 68.20 0 

10,000-19,999 12.1 21.40 2-31 2-226 5.6-93.1 61.80 1.60 

20,000-49,999 42.1 37.73 2-89 2-726 3.3-98.3 28.70 13.50 

50,000-99,999 29.1 25.33 2-92 2-953 0.04-83.6 16.80 42.50 

100,000-199,999 11.6 9.01 2-47 2-208 0.8-41.7 4.30 66.80 

200,000-299,999 2.5 0.57 2-106 2-466 0.8-44.1 10.20 74.40 

300,000-1100,000 1.2 - 2-109 2-228 0.5-36.1 15.80 73.70 

 

Note: SeqCov stands for sequence coverage; MW stands for molecular weight. 
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(B)Protein: Protein 14-3-3 sigma (P31947)
Peptide:  LAEQAERYEDMAAFMK (2+)
Transitions: 951.94→(1205.2, 698.1, 1478.2, 795.4, 1625.2) 
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(C)
Protein: Ki-67 (P46013)
Peptide:  AQALEDLAGFKELFQTPGHTEELVAAGK (3+) (No identification)
Transitions: 990.84→(1208.4, 1080.1, 604.9, 1386.6, 924.7 ) 
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(D)Protein: PCNA (P12004)
Peptide:  NLAMGVNLTSMSK (2+) (No identification)
Transitions: 683.34→(503.2, 864.1, 1064.1, 1067.3, 936.2 ) 

 
Figure 6. Extracted ion chromatograms illustrating five MRM transitions/peptide for the identification of putative cancer biomarkers 
in whole-cell extracts. A. Peptide SGTIFDNFLITNDEAYAEEFGNETWGVTK (3+) representing protein Calreticulin precursor; B. 
Peptide LAEQAERYEDMAAFMK (2+) representing Protein 14-3-3 sigma; C. Peptide AQALEDLAGFKELFQTPGHTEELVAAGK 
(3+) representing protein Ki-67, not identified by data-dependent analysis in whole cellular extracts; D. Peptide NLAMGVNLTSMSK 
(2+) representing protein PCNA, not identified by data-dependent analysis in whole cellular extract. Conditions: MCF-7 whole 
cellular extracts were digested with trypsin, cleaned-up with SPEC-PTSCX and SPEC-PTC18 cartridges, and analyzed by a ~4 h long 
LC-MS/MS gradient. The top-down order of EICs reflects the order of the five transitions shown in Table 3. 



MRM analysis. The applicability of the peptide library for the identification of putative 

biomarkers in proteomic samples is demonstrated with a few examples that involved the analysis 

of un-fractionated MCF-7 protein extracts. Whole cellular extracts represent a good testing 

system for demonstrating the effectiveness of MRM analysis, as due to complexity, the extracts 

do not facilitate the detection of low abundance components. When using a data dependent 

acquisition process, such extracts typically enabled the identification of only ~400-600 proteins 

with p<0.001 (~200-300 proteins with 2 spectral counts) per LC-MS/MS run, i.e., ~5 times less 

than the SCX prefractionated samples that enabled the identification of ~2,000 proteins [28]. The 

following scenarios were encountered during data dependent analysis of a whole cellular extract: 

(1) the protein and all matching peptides from the library were identifiable; (2) the protein was 

identifiable by some, but not all matching peptides from the library; and (3) the protein was not 

identifiable by any of the peptides listed in the library. The detection of a set of seven putative 

biomarker proteins, as previously reported in the literature, was facilitated by enabling MRM 

transitions for the corresponding peptides that are shown in Table 3. The proteins and the 

peptides that were not detectable in the whole extract by data dependent analysis are marked 

with “no ID.” Peptides from the library with the largest number of spectral counts and best 

Sequest scores (most importantly with the lowest p-values) were selected for MRM analysis. The 

product ions that were monitored for these peptides were the first five most intense. 

Representative results of extracted ion chromatograms (EIC) for these transitions are 

summarized in Figure 6. As the LTQ is a relatively low mass accuracy/resolution instrument, the 

mass window that was monitored around a product ion in the EIC was fairly broad (m/z=±1.5), 

enabling, thus, contaminant fragments to interfere with the MRM analysis. However, the ability 

to detect all transitions at the retention time of the parent peptide can greatly increase the 

specificity of detection, as contaminants with the same precursor m/z, same fragment(s) m/z, and 

same retention time, are highly unlikely. 

 

When a protein was detectable in the whole cell extract by data dependent analysis, very strong 

product ion peaks were observable in the EIC of each transition that was enabled for a peptide 

(see Figure 6A, peptide at 139.58 min). In Figure 6A, each transition was enabled for 20 min. 

Nevertheless, such transitions can be enabled for a much shorter time, when the retention time (tr) 

of a peptide is well controlled, or for longer times, or even for the entire length of the experiment, 
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when the tr is not known. Given that the LC-MS/MS analyses that contributed with data to this 

library were conducted for different lengths of time, the peptide tr(s) in Figure 6 do not 

correspond to the tr(s) from the library. To enable a rough prediction of a peptide tr, the length of 

each LC gradient (10-100 % B) is also provided. We note that (a) both retention time and 

gradient length include a ~20 min dead-time corresponding to the elution of non-retained 

components from the LC column, and (b) the gradient was not linear, as 80-90 % of the gradient 

length was dedicated to increase the % B from 10 to 45 %. Later experiments in our lab have 

confirmed that retention time/gradient length estimates could be obtained within ±10-25 % of 

the values provided in the library. 

 

The presence of contaminant peptide species with close m/z to the peptide of interest, and with 

several overlapping transitions, was observed in these MRM studies (see Figure 6B, monitored 

peptide at 72.77 min, contaminant peptide at 41.06 min). Interference from such peptides can be 

eliminated by narrowing the m/z window that is used for the generation of the EIC, or by 

narrowing the time window that is used for monitoring the MRM transition (when the elution 

time of the peptide is known). For example, if the MRM transitions would have been enabled 

only from 70 min to 75 min, the contaminant peptide at 41.06 min would have not interfered 

with the analysis. 

 

In cases when the protein was not detectable in the whole extract by data dependent analysis 

(such as the case of Ki-67 and PCNA proteins), many of the matching peptides were still 

detectable by most, if not all, MRM transitions (see Figure 6C, peptide at 157.43 min). Figure 

6C presents the case of a Ki-67 peptide for which MRM transitions were enabled for the entire 

length of the LC-MS/MS experiment. Even in the presence of contaminating transitions, the 

identification of the peptide could be confirmed by the detection of all predicted transitions at the 

expected tr. For other peptides, certain transitions were not observable in the EIC. Such 

transitions are shown in bold in Table 3. Missed transitions were especially observable in the 

case of library peptides identified by only one spectral count and p-values that were just above 

the threshold set for elimination from the list. For example, in the case of PCNA, the 

identification of peptide NLAMGVNLTSMSK was not conclusive based on the transitions that 

were provided in the library (Figure 6D), i.e., consistent transitions at the predicted peptide tr 
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were not observable. Cross validation with Protein Prospector revealed that the first three 

transitions were probably not even correct for this peptide. The protein was, however, 

identifiable by MRM transitions enabled for other matching peptides.  



Table 3. MRM transition chart for the identification of putative protein biomarkers. Peptides or 
proteins marked with “no ID” were not detectable in the whole protein extract by data dependent 
MS analysis. Transitions that did not result in peptide identification in the EIC are marked in 
bold. 
Protein/Peptides z 

-10lg(p) Spectral 
count 

MRM range 
(min) 

Transitions (MH+ → product ions) 

O43399|TPD54_Human Tumor Protein D54 
GLLSDSMTDVPVDTGVA
AR 

2 91 2 40~90 952.47→(885.3,1019.2, 1200.3, 1099.2, 574.3) 

VVGDRENGSDNLPSSAG
SGDKPLSDPAPF (no ID) 

3 136 15 0~240 962.45→(1312.0, 1228.1, 1127.0, 1256.3, 815.9) 

LGLSTLGELKQNLSR (no 
ID) 

2 114 5 0~240 814.97→(1044.3, 617.3, 745.3, 673.4, 1157.4) 

TPAVEGLTEAEEEELRAE
LTKVEEEIVTLR 

3 300 8 145~170 1128.58→(1508.1, 1443.7, 1358.6, 1063.0, 1244.1) 

P31947|1433S_Human 14-3-3 protein sigma 
LAEQAERYEDMAAFMK 2 112 4 40~90 951.94→(1205.2, 698.1, 1478.2, 795.4, 1625.2) 
VLSSIEQKSNEEGSEEKG
PEVR (no ID) 

3 
133 9 

0~240 811.06→(740.6, 1110.0, 966.5, 1080.0, 557.2) 

P27797|CALR_Human Calreticulin precursor 
SGTIFDNFLITNDEAYAEE
FGNETWGVTK 

3 300 25 125~145 1090.16→(1512.0, 1424.0, 1462.1, 991.2,1289.7) 

FYGDEEKDKGLQTSQDA
R 

2 141 13 0~40 1043.98→(1841.9, 803.6, 975.5, 1112.6, 1104.6) 

IDNSQVESGSLEDDWDF
LPPKK 

3 85 14 0~240 840.40→(981.9, 1146.5, 932.8, 1089.3, 1204.0) 

P08195|4F2_Human 4F2 cell-surface antigen heavy chain 
ADLLLSTQPGREEGSPLE
LER 

3 84 5 40~90 770.73→(706.2, 893.3, 900.6, 842.4, 1004.3) 

IKVAEDEAEAAAAAK 2 94 5 0~240 743.89→(1245.2, 1146.1, 946.1, 831.1, 1075.1) 
P07339|CATD_Human Cathepsin D precursor 
ISVNNVLPVFDNLMQQK 2 119 22 90~125 980.02→(1219.3, 1332.3, 880.5, 610.1, 724.2) 
LVDQNIFSFYLSRDPDAQ
PGGELMLGGTDSK 

3 300 23 0~240 1124.21→(1261.3, 1344.6, 1055.2, 1016.1, 1579.6) 

P46013|Ki-67 antigen (no ID) 
AQALEDLAGFKELFQTP
GHTEELVAAGK (no ID) 

3 71 1 0~240 990.84→(1208.4, 1080.1, 604.9, 1386.6, 924.7) 

SGGSGHAVAEPASPEQEL
DQNKGK (no ID) 

3 44 1 0~240 798.38→(956.0,870.9, 643,2, 921.0, 653.1) 

P12004|PCNA_HUMAN Proliferating cell nuclear antigen (no ID) 
ATPLSSTVTLSMSADVPL
VVEYK (no ID) 

2 106 4 0~240 1204.63→(847.2, 1561.2, 1061.2, 1437.3, 538.1) 

FSASGELGNGNIK (no ID) 2 98 7 0~240 647.32→(716.1, 744.2, 546.1, 902.2, 989.2) 
LSQTSNVDKEEEAVTIEM
NEPVQLTFALR (no ID) 

3 101 5 0~240 1097.88→(1559.1, 1551.3, 1393.6, 1467.1, 937.4) 

YYLAPKIEDEEGS (no ID) 2 112 8 0~240 757.35→(1003.5, 676.4, 511.2, 1074.5, 1187.6) 
DLSHIGDAVVISCAK (no 
ID) 

2 113 4 0~240 764.39→(962.2, 566.1, 606.9, 650.4, 1075.2) 

NLAMGVNLTSMSK (no 
ID) 

2 35 5 0~240 683.34→(503.2, 864.1, 1064.1, 1067.3, 936.2) 
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Chapter 5   Concluding Remarks 

 
The spectral counting method for relative quantitation of differentially expressed proteins in 

complex cellular extracts was evaluated. The method proved to be applicable for the quantitation 

of proteins present at concentration levels of 0.5 μM (equivalent to ~4 pmol/protein injections) 

that display a spectral count ≥2, and that change expression level by a factor 3. At high 

concentration levels, due to saturation effects, the sensitivity of the spectral counting method was 

lost. A preliminary evaluation of the G-test for spectral count data demonstrated that this 

statistical test will enable data processing with an acceptable rate of false positives (0-8 %), but 

will be sensitive mainly for proteins that display a large spectral count number (SC≥4). In 

summary, the spectral counting method will provide acceptable results for a quick, preliminary 

selection of biomarker candidates. Further work will be, however, necessary for optimizing the 

data processing protocol prior to statistical analysis (possibly by weighting the raw spectral count 

data), and for identifying a statistical test that responds better over the broad range of spectral 

count data. 

 

For biomarker screening and validation studies through MRM-MS we developed a library of 

1,572 proteins from MCF-7 human breast cancer cells. Unlike publically available empirical 

databases, our library provides a large set of proteins and peptides that can be identified in 

human cancerous cells under a consistent set of experimental conditions. As the data were 

generated with a linear ion trap mass spectrometer, the library strategically complements existing 

information generated with ESI quadrupole (Q), ESI-Q-time-of-flight (TOF), ESI-ion cyclotron 

resonance (ICR) or matrix assisted laser desorption ionization (MALDI)-TOF instruments. 

Moreover, the availability of spectral count data provides information related to the abundance 

and proteotypic propensity of peptides, at given charge states, in the context of complex cellular 

extracts. The library enables the development of MRM-MS protocols for the identification of 

possibly hundreds of target proteins with particular relevance to biomarker screening and 

discovery applications. Key for the identification of a set of protein biomarkers in a complex un-

fractionated cellular extract will be the development of MRM strategies that involve the selection 

of several peptides/protein (possibly with the highest spectral count and best Sequest scores) and 
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of multiple transitions/peptide. Custom-prepared isotopically labeled versions of selected 

peptides could be further used for performing quantitation studies.  

 

Forthcoming work will involve the implementation of the above-described quantitation protocols 

for the analysis of proteins that are differentially expressed in various stages of the MCF-7 breast 

cancer cell cycle. 
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	Figure 1. Bar graph illustrating the proportion of proteins that decreased the spectral count upon 2-10 fold dilution. The original MCF-7 extract was diluted 2, 3, 5 and 10 times, and each sample dilution state was analyzed twice by LC-MS/MS. The spectral counts were taken as the average of two injections. Proteins were grouped according to their spectral count in the original un-diluted sample. 
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