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1. Introduction

The Fourier-transform mass spectrometry (FTMS) instrument offers a mass resolution
higher than most of other mass spectrometers. This high resolution is in part due to the
better stability offered by a superconductor magnet in FTMS than a radio frequency voltage
utilized in many other mass spectrometers. The extremely high resolution of FTMS has very
important application in biomedical proteomics research. The high resolution not only
dramatically improves the reliability of protein identification but also the accuracy of
protein quantitation.

In this chapter, we present several examples of proteomics study that takes advantage of the
high resolution offered by FTMS. Particularly, we describe examples of proteome dynamic
study with isotopomer analysis, and precise peptide and protein label-free quantitation with
rigorous statistical assessments.

In protein dynamic studies, FTMS readily resolves all of the isotopomer peaks for peptides.
The well-resolved isotopomer peaks allow a direct integration of the intensities of different
isotopologue envelopes without the need of a deconvolution algorithm. With the high-
resolution data, we were able to show that protein turnover measurement revealed more
subtle changes in the dynamics of a proteome.

The high resolution of FTMS helps to reduce the interference of contaminant peaks (Fig. 1).
The ability to resolve the targeted peptide isotopomer peaks from interfering ones greatly
facilitates the implementation of a label-free quantitative proteomics method that relies on
peptide cross reference between liquid chromatography runs and the integration of
extracted ion chromatographic intensities (Lipton et al., 2002). With both high confidence in
peptide identification and quantitation, we showed that the major source of variability lies
more in sample preparation than in liquid chromatography/mass spectrometry analysis.
Such a result has a direct consequence in the statistical approaches utilized to assign
significance in label-free quantitative proteomics.

Two sections are presented in this chapter. The first one briefly discusses the general aspect
of a protein turnover analysis followed by examples of proteome dynamics study in acid
stressed and iron limited mycobacterial cells. The second one describes the utilization of
high-resolution FTMS data for label-free quantitation of proteins with a rigorous statistical
assessment of significance in differential protein abundances.

The spectra shown in the panels a to e of Fig. 1 are for a tryptic peptide from a superoxide
dismutase in M. smegmatis (MSMEG_6427; Mn) with a sequence of AFWNVVNWDDVQNR.
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46 Fourier Transforms - New Analytical Approaches and FTIR Strategies

The panels a and b are the ion-trap mass spectrometry (ITMS) MS2-scan spectra for a +2
precursor ion of the peptide in the nanoLC/LTQ-FT and the nanoLC/LTQ respectively.
Shown atop of panel a is the peptide sequence labeled with the detected y-series ions in the
MS2-scan spectra. For clarity, only y-series ion fragments are shown with labels. The panels
¢ to e show the MS-scan spectra obtained with a FTMS scan (c), an ITMS zoom MS-scan (d),
and an ITMS full MS-scan (e), respectively. Only an m/z range of 880 to 885 is shown for the
+2 peptide charge state. The three short arrows in the panels ¢, d, and e indicate the first
three isotopic peaks of the +2 peptide charge state. The asterisks in panel c¢ indicate the
isotopic peaks probably not related to the peptide. The theoretical molecular weight of the
peptide is shown atop of panel c. The long dashed arrows point to the respective MS-scans
from which a precursor ion is selected for the MS? scans. Adapted from (Li, 2010a).
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Fig. 1. A resolution and a signal-to-noise ratio in MS-scan and MS2-scan spectra are
compared between a nanoLC/LTQ-FT and a nanoLC/LTQ mass spectrometry systems

2. Protein turnover analysis with FTMS

2.1 Protein turnover

Protein turnover is a fundamental cellular process in all cell types having important
implications in many aspects of biological science (Larrabee et al., 1980; Wilkinson, 2005).
Advancement of high resolution proteomic technologies has provided the possibility to
study protein turnover for multiple proteins simultaneously in complex cellular protein
extracts (Beynon, 2005; Cargile et al., 2004; Pratt et al., 2002; Rao et al., 2008a; Rao et al.,

www.intechopen.com



Precision Quantitative Proteomics with Fourier-Transform Mass Spectrometry 47

2008b; Vogt et al., 2005). We showed that a combination of protein abundance and turnover
data provides a highly interesting insight into the dynamic process of and interconnection
among protein synthesis, degradation, and secretion (Rao et al., 2008a).

Protein turnover shares an equally important role with gene transcription and protein
translation. Synthesis of new proteins and degradation of old ones form a dynamic process
in an organism. Turnover does not only help to clear old proteins but also aid in a fast
adaptation to a new condition or environment by adjusting the rate of protein synthesis and
degradation (Goldberg & Dice, 1974). Apart from this, turnover also brings new proteins
into action with reduced strain on the resources of an organism because preexisting cellular
materials are reused. Some early global protein turnover studies identified different E. coli
proteins that might have different turnover rates. One of those earlier studies showed that a
dynamic state for individual proteins existed in non-growing as well as growing cells
(Larrabee et al., 1980). Studies of turnover offer a dynamic view of the abundances of
proteins. When being applied to a larger scale of the proteome, protein turnover analysis
allows one to study the dynamic nature of the entire proteome (Li, 2010a).

Mass spectrometry continues to serve as a major approach for a protein turnover study due
to its wide availability and flexibility to analyze both single-cell cultures and multi-cellular
organisms. Except for the required administration of stable isotope-labeled metabolites,
amino acids, or water to the study subjects, mass spectrometry-based approaches do not
require any genetic manipulation of the study subjects. The avoidance of genetic
manipulation of the study subjects helps to minimize any unwanted perturbation to a
biological system and delivers the most physiologically relevant results. A range of
methodologies has been established to measure protein turnover based on stable isotope
labeling and mass spectrometry (Doherty & Beynon, 2006).

2.2 High-resolution mass spectrometry for protein turnover analysis

The advent of highly automated high-resolution mass spectrometry technology promises to
bring about in-depth insight into the dynamic nature of a proteome at the global level. The
work done by Pratt et al. (Pratt et al., 2002) demonstrated the determination of protein
degradation rate constants in a steady state population of yeast grown in a chemostat. The
authors used isotope labeling along with 2D gel analysis to study protein turnover and
advocated that protein turnover is ‘a missing dimension in proteomics.” Another study done
by Cargile et al. (Cargile et al., 2004) labeled E. coli cells with 13C to study the relative
synthesis over degradation ratio (S/D). These earlier works demonstrated the global
analysis of protein turnover with individual protein identifications but their data were not
correlated with abundance values.

With one-dimensional SDS/PAGE fractionation and subsequent nanoLC/LTQ-FTMS
analysis, Rao et al. determined the global turnover profiles of Mycobacterium smegmatis, a
non-pathogenic surrogate of Mycobacterium tuberculosis, under acid-shock and iron-
limitation conditions (Rao et al., 2008b). A dynamic range of 3-orders of magnitude was
demonstrated for relative turnover measurements. The study provided direct evidence that
relative turnover in growing mycobacterium cells, with or without stress, was highly
heterogeneous. The results obtained in that study addressed the long-standing question
whether a “dynamic state” exists in growing bacteria (Borek et al., 1958), and illustrated the
benefits and needs to study protein turnover at the global level with the most advanced
mass spectrometry technology.

www.intechopen.com



48 Fourier Transforms - New Analytical Approaches and FTIR Strategies

In the work by Rao et al. (Rao et al.,, 2008b), the cells were grown with two different
methodologies for both different types of stresses. For the pH stress the cells were initially
grown in [4N]-containing media at pH 7.0. Once the cells are in the initial log phase, the
cells were divided into two flasks and the media was doped with 50% [N] and the pH was
reduced to 5.0 in one of the flasks. The cells were harvested after one doubling and analyzed
for protein turnover using LC/LTQ-FIMS. For low iron analysis, the cells were first grown
in [®N]-containing media until mid-log phase. The cells were then collected by
centrifugation and the media was then exchanged with [14N]-containing media. The cells
were then allowed to grow to one doubling and harvested to be analyzed by LC/LTQ-
FTMS.

In either the complete isotope swapping (iron-limitation experiments) or the partial isotope
labeling conditions, the isotopologue envelopes and the individual isotopomer peaks of a
peptide are clearly resolved. The complete resolution of the isotopomer peaks and the
isotopologue envelops for the old proteins and the de novo synthesized proteins facilitates
simple calculation of the abundances of the new and old fractions of a peptide (Fig. 2).
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Fig. 2. Calculation of isotopologue intensities for a representative tryptic peptide
ANLLGLSAPEMTTLVGGLR (MH»?*, 23 N atoms) of protein KatG (MSMEG6346) in
shocked (pH5) and control (pH7?) cultures (panel a), and in starved (low-iron) and control
(high-iron) cultures (panel b). Ar, Ay, and Am represent the isotopologue intensities with
light label (99.6At%[!4N]), heavy label (99At%[!5N]) and medium label (50At%[*>N])
respectively. Red arrows and text labels indicate de novo synthesized proteins. Blue arrows
and text labels indicate old proteins. Adapted from (Rao et al., 2008b) with permission

Turnover analysis of M. smegmatis under both stressful conditions revealed two different
patterns (Rao et al., 2008b). In the low pH condition, many proteins had increased turnover
at pH 5.0 as compared to pH 7.0. It was an obvious reaction since the bacteria has to readjust
its proteome in order to counter the stress posed by increased proton concentrations. The
correlation coefficient for the low pH shock cells was small which indicated that the proteins
in the cells exposed to pH 5.0 underwent extensive readjustment in different directions. In
the low iron stress the correlation coefficient being high suggested that either there was not
much rearrangement of turnover values or all the proteins had changes in a similar
direction. KatG and Tpx, which are important for protection of mycobacterial cells against
oxidative stress, had low protein turnover values in both low iron as well as low pH
conditions. A study on M. tuberculosis Tpx suggested that it might be an important protein
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against oxidative stress because Tpx mutants were unable to survive in the macrophages in
an infected mouse model. However, it would be interesting to analyze how the low
turnover of Tpx correlates with the survival of mycobacteria in the cell.
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Fig. 3. Average isotopomer profiles and selected isotopomer ranges to calculate the
abundances of peptides in M. tuberculosis. Arpcs and Awm,pcs are peptide abundance for old
and new proteins respectively. Each panel was the stacked column graph of the normalized
isotopomer profiles of the detected peptide charge states (PCSs) having the same number of
N atoms (). Profiles are shown for n equal to 11 (a), 16 (b), 20 (c), and 26 (d) respectively.
The blue and red arrows indicate the M ranges for calculating Ay pcs and Awm,pcs respectively

An open question is how the protein turnover values correlate with protein abundances. To
investigate the correlation between protein abundance and protein turnover values in M.
tuberculosis, Rao et al. analyzed M. tuberculosis cells in an iron replete and iron depleted
condition using the high resolution LC/LTQ-FTMS instrument (Rao et al., 2008a). The
approach employed many large-scale quantitative proteomics techniques to make it readily
accessible for protein turnover studies at the global level. The concomitant measurement of
protein turnover and abundance was previously shown by Gerner et al. with 2D gel

www.intechopen.com



50 Fourier Transforms - New Analytical Approaches and FTIR Strategies

electrophoresis for separation and fluorography and autoradiography for quantitation of
individual gel spots without any protein quantification (Gerner et al., 2002). With the
advanced nanoLC/LTQ-FTMS system and a label-free quantitation approach, Rao et al.
demonstrated that protein abundance and turnover could both be measured with a dynamic
range of at least 3-orders of magnitude in an automated fashion (Rao et al., 2008a).

The study compared the sensitivity of relative turnover and relative abundance
measurements to detect a dynamic response of M. tuberculosis when the cell culture was
shifted from an iron-starved to iron-sufficient condition. An unlabeled iron-depleted M.
tuberculosis culture was grown to late-log phase and diluted with a fresh iron-replete
medium that was labeled with [1’N]-labeled nitrogen source (Rao et al.,, 2008a). The
incorporation of the [!5N]-labeled nitrogen source into the newly synthesized proteins
resulted in a complete separation between the old and the newly synthesized peptide
isotopologue profiles (Fig. 3). Similar to that shown in Fig. 2 for M. smegmatis, the complete
separation of the isotopologue profiles and the isotopomers allows the quantitation of the
abundances of old proteins, newly synthesized proteins, and the total proteins.

In this work, we are able to obtain both the protein abundance and turnover values to more
comprehensively assess the dynamic response of the H37Rv cells when they were shifted
from iron-starved stationary-phase to fresh low- and high-iron media. This is achieved by
applying both the isotope chasing and a label-free quantitation method (Rao et al., 2008a).
The results indicated that a relative turnover measurement was much more sensitive to
monitor the dynamic response of the M. tuberculosis cells. Meanwhile, a combination of
turnover and abundance measurements provided insight into the correlation of protein
synthesis, degradation, and secretion. A further principal component analysis of the M.
tuberculosis proteome dynamics reveals that protein relative turnover properties are
orthogonal to protein relative abundance properties (Rao & Li, 2009a). Thus, a study of
protein turnover at the global level would likely bring forward new findings that can be
missed with a protein abundance analysis alone.

The data obtained from the comparison of protein abundance and protein turnover values
showed that protein turnover is a much more sensitive measurement to discern the changes
in the proteome than abundance measurements. Upon the transfer of late-log phase cells
from a low iron to a high iron media, protein abundance measurements showed that out of
the 104 proteins that we identified, only 5 proteins were upregulated and 16 proteins were
downregulated in the HI media. Relative abundance of KatG was upregulated in cells
grown in the high iron media.

Protein turnover analysis of the proteins compared between cells grown in a low iron and a
high iron media showed that more proteins had increased synthetic activity in the high iron
grown cells. The S/D had increased for 24 proteins in the cells grown in the low iron media.
Eight proteins had decreased turnover. However, for cells grown in the high iron media, 56
proteins had increased S/D and 5 proteins had decreased S/D. A comparison of protein
abundance measurements to protein turnover measurements clearly suggests that protein
turnover does give more information to uncover the dynamic response of the proteome
(Fig. 4).

In addition to providing the information about synthesis and degradation of proteins, the
protein turnover analysis can also provide information regarding whether a protein has
been secreted when the protein turnover values are analyzed together with the protein
abundance measurements. In our study of proteome dynamics, we found that some proteins
had low changes in relative abundances even though their synthesis had increased
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significantly. As stated before the relative abundance of a protein in the cell can be affected
not only by synthesis or degradation but also by a secretion process. In our turnover
analysis, we found discrepancies between protein abundance values of certain proteins and
their turnover values. A previous proteomic study of M. tuberculosis culture filtrates showed
many of those proteins to be secreted into the culture filtrate. Proteins such as FbpC2, KatG,
and the mammalian cell entrance protein Rv0172 were also predicted to be secreted (Malen
et al., 2007).
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Fig. 4. M-A plots representing the total protein abundances in high iron (HI) versus low-iron
(LI) cells (panel a), the newly synthesized protein abundances versus the old protein
abundances in LI cells (panel b) and in HI cells (panel c) respectively. The proteins with 2-
fold significant (p <.05) change in relative abundance are marked with black triangles and
diamonds. The M-axis represents the relative abundance values and the A-axis represents
the average abundance values. Adapted from (Rao et al., 2008a) with permission

These results support that protein turnover in combination with abundance analysis could
predict the secretion of proteins and reveal the interconnected roles of protein synthesis,
degradation, and secretion in determining the protein abundances in cells. These analyses
illustrate that protein turnover can divulge information that classical proteomics does not
provide. The integration of data from transcriptome studies, abundance measurements and
turnover analyses will likely provide a more complete picture of the dynamics associated
with the proteome. To some extent, it will probably reconcile the discordances between
transcriptome and proteome analyses.
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2.3 Implication of proteome turnover studies in mycobacteria

With the advent of high-precision and automated mass spectrometry instrumentation to
support large-scale proteomic studies, protein turnover analysis at the global level
potentially has an increasing importance for biomedical research. One example is the
application of protein turnover analysis to study M. tuberculosis, especially at its non-
replicating or dormant state. Whereas over a hundred research articles have been
published on mycobacterial proteomes, only a few dealt with non-replicating M.
tuberculosis (Cho et al., 2006; Rosenkrands et al., 2002). Information about protein turnover
in non-replicating and dormant M. tuberculosis is scarce in the literature. With the
potential importance of proteome dynamics in bacterial cell sporulation or dormancy
(Bernlohr, 1967; Bernlohr, 1972; Mandelstam, 1958; Spudich & Kornberg, 1968), a study of
mycobacterial protein turnover at the global level (Rao et al., 2008a; Rao et al., 2008b) will
likely help to advance our understanding of the molecular basis of M. tuberculosis
persistence (Rao & Li, 2009b).

Over the last century, a variety of control and eradication measures have been implemented
against tuberculosis such as vaccination, aggressive chemotherapy, and public health
surveillance. But tuberculosis still remains a major global health problem to continue to
cause nearly 2 million deaths and 9 million new infection cases per year. Ca. one third of the
world population is infected with M. tuberculosis. A majority of the infected individuals
remain asymptomatic whereas they carry a lifetime risk to develop an active disease i.e., the
latent tuberculosis infection. The state of latency represents the greatest obstacle to eradicate
the tuberculosis disease.

The metabolic requirement of M. tuberculosis in latency is unclear and difficult to study
because the bacilli presumably remain dormant in a granuloma (Pagan-Ramos et al.,
2006). The anti-tuberculosis drugs used today have their maximum effect against the
growing but not the dormant bacilli. The long therapeutic regime required to treat latent
tuberculosis infection is probably explained by the lack of a direct target that is specific to
dormant M. tuberculosis. There are new drug treatment regimes and several new anti-
tuberculosis drugs in a development pipeline that aim to shorten the treatment period
and to overcome multi-drug resistant strains (Murphy & Brown, 2008). Most of these new
drugs are still based on existing classes of antimicrobial compounds to target the
conventional pathways and molecular machinery that are critical for the growth of M.
tuberculosis. These drugs could still be countered by drug resistant strains that emerge
from the non-adherence of a prolonged regime against latent tuberculosis infection. Thus,
the need to discover novel drug targets, especially those against dormant bacteria, is
urgent.

A ‘simple but nonetheless vexing problem’ in target discovery against non-replicating M.
tuberculosis is that many methods rely on a growth-inhibition measurement to assess the
effect of drug treatment (Murphy & Brown, 2008). Rao et al. showed that a protein-
turnover measurement was much more sensitive than a protein relative abundance
measurement alone to uncover protein synthesis activities in M. tuberculosis (Rao et al.,
2008a); those data suggest that protein dynamics analysis with turnover and abundance
measurements could potentially add a valuable alternative to the drug target discovery
problem for non-replicating M. tuberculosis. The sensitive protein turnover analysis could
also be useful to detect and validate drug treatment effects at an early phase, during
which the most relevant drug effect can be isolated from other non-specific cell stress
responses.
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3. Label-free quantitation of proteins

There is an increased use of LC/MS instrumentation for proteomics studies at a large scale.
The depth of a proteomic analysis, i.e. the number of protein species that can be precisely
identified and characterized in an experiment, depends on the precision and sensitivity of a
mass spectrometry instrument. The impact of the precision and sensitivity of an LC/MS
instrument on a proteomic study is manifested in many areas of proteomic studies. For
example, in the analysis of intracellular bacterial proteomes, FTMS-based approach clearly
identified more proteins from scarce and complex intracellular bacterial samples compared
to many other proteomic methods.

The precise retrieval of biological information from a large LC/MS dataset critically
depends on algorithms for data interpretation, which remains a current bottleneck in the
rapid advance of proteomics technology (Mortensen et al., 2010). The quantitation of
differentially regulated proteins represents a major type of proteomics application in
biological studies. Protein quantitation with LC/MS data includes three conceptually
different methods i.e., spectral counting, differential stable isotope labelling, and label-free
LC/MS measurements by using extracted ion chromatographic intensities (Mueller et al.,
2008). Due to the increased time and complexity of sample preparation in stable isotope
labelling, cost of labelling reagents, and requirement of higher starting sample amount,
however, researchers are increasingly using label-free proteomics for faster and simpler
protein quantitation (Zhu et al., 2010).

Most of proteomics studies infer proteins with >2 identified peptides as reliable protein
identifications and usually disregard proteins with a single-peptide hit as unreliable for
quantitation. This “two-peptide” rule was recently challenged with the evidence that it
reduced protein identifications more in a target database than in a decoy database and thus
increased false discovery rates in protein identification (Gupta & Pevzner, 2009). Indeed, it
was shown that proteins with a single-peptide hit could represent 30% of the proteins
identified with 22 MS? spectrum matches at p <.01 (Li & Roxas, 2009). Because those single-
peptide proteins had 22 MS?2 spectrum matches (p <.01) in multiple LC/MS analyses under
the same condition, they had an adequate level of statistical confidence to be included for
quantitation.

But the inclusion of single-peptide proteins in a differential quantitative proteomics analysis
raises two issues. The first is that a conventional statistical test such as a t-test can not be
applied toward these single-peptide proteins when the t-test relies on multiple quantified
peptides as replicates to calculate the t-statistic for the protein relative abundance (Li &
Roxas, 2009). The second is that many single-peptide proteins are at a lower abundance and
thus noisy. More stringent thresholds are needed to control the false discovery rate when
these single-peptide proteins are included for the selection of differentially regulated
proteins.

Pavelka et al. applied a power law global error model (PLGEM) and the signal-to-noise ratio
(STN) statistic (Pavelka et al., 2004) to select differentially regulated proteins based on a
spectral counting quantitation method (Pavelka et al., 2008). The PLGEM-STN statistic
utilized a re-sampling approach to estimate the null distribution from replicates of a sample.
After the error model was calculated from a pool of re-sampling statistics that constituted
the null distribution, a set of STN thresholds was applied at a specified confidence level
toward samples with any level of replicates. The PLGEM-STN method is attractive in that it
could be applied toward samples with no replicates if several replicates for one sample are
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provided to estimate the null distribution. It is also applicable to proteins with any number
of identified peptides. The PLGEM-STN method, however, has not been demonstrated for
label-free quantitation with extracted ion chromatographic intensities.

In the work described in the following, the PLGEM-STN statistic was applied toward a
LC/MS dataset obtained with a high-resolution mass spectrometer (Roxas & Li, 2009). The
peptide and protein abundances were quantified with a label-free approach based on
extracted ion chromatographic intensities. The false discovery rate was estimated at
different confidence levels of the PLGEM-STN statistics.

The PLGEM-STN statistic alone did not provide a desired level of false discovery rate
control. Insufficient stringency in false discovery rate control was similar to the situation
when a t-test statistic was used alone (Li & Roxas, 2009). With the combination of a t-test
and the rule of minimum number of permuted significant pairings (MPSP), however, the
false discovery rate was significantly reduced in that study.

The combination of MPSP and PLGEM-STN was further tested to control the false discovery
rate. PLGEM-STN does not require that a protein have to have at least two detected
peptides for an assessment of statistical significance. Thus, the combination of MPSP and
PLGEM-STN has the potential to extend the selection of differentially regulated proteins to
those with lower fold-changes and to those with single-peptide hits. Similarly, a fold-change
threshold can be applied toward proteins with any number of detected peptides. With a
control, the statistical significance of a differentially regulated protein can also be assessed
based on a fold-change threshold. Therefore, the combination of MPSP and fold-change
thresholds was also tested and compared with the PLGEM-STN-MPSP approach.

It is important to use the high-resolution FTMS instrument to acquire data for the label-free
quantitation so that proteins with a single peptide hit can be quantified based on peptide
cross reference and extracted ion chromatographic intensity. Proteins with fewer than three
peptide hits are typically difficult to quantify by the spectral count method.

3.1 Purpose of the study

There are two purposes to investigate the combination of the PLGEM-STN statistic or a fold-
change threshold with the MPSP method to identify differentially regulated proteins. One
was to extend the selection of differentially regulated proteins to those that had single-
peptide hits. The other was to select differentially regulated proteins at smaller fold-changes
and at a false discovery rate <.05. The approaches to achieve this two-fold purpose were
investigated under a scenario where the number of sample replicates was small. When the
number of sample replicates is small, other typical statistics such as a t-test might not
perform well to provide the necessary specificity in the label-free quantitation of
differentially regulated proteins. Therefore, it was found necessary to insert an additional
measure, such as the MPSP rule to compensate for the lack of sample replicates (Li & Roxas,
2009). Even when more sample replicates are available, the additional use of MPSP might
still further increase the specificity although this possibility will need to be tested.

3.2 Results

With a null distribution built from the labelled control sample to establish thresholds,
different approaches were experimented with to select differentially regulated proteins by
using the combination of MPSP, PLGEM-STN, and fold-change methods. Differentially
regulated proteins were selected from the unlabeled sample pair Sp and Rp.
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The following two subsections of Results are described. Subsection 3.2.1 analyzes the source
of variability in the peptide and protein quantitation processes. Subsection 3.2.2 performs
multi-step extended selection of differentially regulated proteins.

3.2.1 Source of variability

An observed differential abundance of a PCS or protein between samples arose not only
from the difference in biological samples but also from measurement noise that included the
variability from multiple steps that involve LC/MS injection replicates, sample preparation
replicates, biological replicates, or the data processing method. The multi-step experimental
procedures are summarized in Fig. 5.

Operation pHS pH7 Control
flowchart culture (S) culture (R) culture (C)

(1) Cell culturing

() Protein extraction

(Il) LC/MS samples

(IV) LC/MS injections

(V) PCS XIC intensities

(V1) Protein XIC
intensities

[N
\ For determining false positivesj

For determining positives

Fig. 5. Experimental outline of the label-free protein quantitation approach to assess the acid
stress response between the unlabeled stressed culture (S) and the unlabeled reference
culture (R) with the [>N]-labeled culture as control (C)

The biological sample model used in the study was the proteome response of an acid
stressed M. smegmatis culture (S) in reference to a neutral pH culture (R) (Roxas & Li, 2009)
(Fig. 5). Both S and R cultures were unlabeled. The proteins from a [!5N]-labelled control
culture (C) were used as an internal standard to mix with the proteins from the unlabeled
cultures. Because the proteins from the control culture were analyzed repeatedly with two
other unlabeled samples, the repeated analyses of the labelled control provided replicates to
construct a null distribution.

In the null distribution, there were no true differentially regulated proteins. The null
distribution was thus useful to model the noise in the experiment. The error model was
derived from the null distribution that consists of at least two replicates of sample
preparation. The error model was preferred not to derive from the unlabeled protein
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samples Sp and Rp, because each of these two unlabeled samples had only LC/MS run
replicates but no sample preparation replicates. The use of only LC/MS replicates to model
the noise is likely to underestimate the noise level in the experiment.

The experimental procedures were divided into six stages (I-VI). Briefly, equal amounts of
protein extract from the S culture triplicates were pooled. Equal amounts of protein extract
from the R culture triplicates were also pooled. Into these two pooled unlabeled protein
samples, an equal amount of protein extract from the C culture was added. This resulted in
the two pooled samples i.e., Sp and Rp. The proteins differentially expressed between the S
and R cultures were determined based on comparison of the abundances of the unlabeled
proteins i.e., As and Ag, between samples Sp and Rp. For the purpose of false discovery rate
assessment, the abundances of the [15N]-labeled proteins i.e., Ass and A, were quantified
and compared between Spand Rpin the same way as between As and Ag. The proteins found
differentially expressed between As and Ar were considered positives, because they
reflected the difference between the S and R cultures. The proteins found differentially
expressed between A and Acr in the labeled form were false positives, because difference
was not expected from the identical C sample that was run concurrently with two unlabeled
samples in separate runs.

To assist in the assessment of the source of variability in the label-free quantitation of the
LC/MS data, another three samples were used in addition to Sp and Rp. The three additional
samples were the biological replicates of the S culture sample, namely Sa, Sg, and Sc. Sp was
generated by pooling Sa, Sg, and Sc.

The 3rd of the five fractions of an SDS/PAGE gel lane was processed for LC/MS analysis for
the protein samples Sa, S, Sc, Sp, and Rp with duplicate injections for each sample (Li &
Roxas, 2009). The five samples with two LC/MS injections per sample resulted in 10 LC/MS
runs. These 10 LC/MS runs of the 3rd fraction allowed the quantitation of 349 proteins for
the 3rd fraction (Li & Roxas, 2009). Because a protein was quantified in both the unlabeled
form (for culture S or R) and the labelled form (for culture C), there were 20 quantitation
categories for each protein (Table 1). Thus, these 349 proteins and the 20 quantitation
categories formed a 349 x 20 matrix. The 349 x 20 matrix was examined by a clustering
analysis (Eisen et al., 1998). The clustering analysis provides an overview of the correlation
among the protein samples and LC/MS injections, thus reveals the major source of
variability.

From the dendrogram of the 20 quantitation categories shown in Fig. 6, it could be seen that
the distance between each pair of duplicate LC/MS injections was the shortest compared to
those between any other sample pairings. The closest distance of the duplicate LC/MS
injections for a sample indicated that the variability between LC/MS injections was the
smallest, which also indicated that the label-free data analysis methodology (Li & Roxas,
2009) did not introduce a more significant variability.

Unlabeled protein samples from [1°N]-labeled protein samples
culture S or R from control culture C
Sp RP SA SB SC CSP CRP cS A CSB CSC
Quantitation Sp1 Rp1 Sa1 Sp1 Sc1 cSp1 cRp1 cSa1 | ¢Sp1 | ¢Sca
category Sp,z Rp,z SA,z SB,Q Sc,z CSp,z CRp,z CSA,2 CSB,z CSC,z

Table 1. Twenty quantitation categories arising from the duplicate LC/MS analyses of the
3rd gel fraction for samples Sa, S, Sc, Sp, and Rp along with the labeled control in them
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Fig. 6. Clustering of the 20 quantitation categories based on the 349 proteins quantified from
the 3rd gel fraction for the five protein samples Sp, Rp, Sa, S, and Sc (Li & Roxas, 2009)

In Fig. 6, it was also apparent that the unlabeled and labelled quantitation categories were
separated into two distinct branches represented by nodes I and II, respectively. The
separation of the unlabeled and labelled quantitation categories into the two distinct clusters
indicated that the difference between cultures C and S or C and R was larger than the
difference between S and R. From the tree branch under node 1I, it could be seen that the
distance between the unlabeled protein samples Sp and Rp was larger than the distance
among the S culture replicates i.e., Sa, Sg, Sc. The result indicated that the difference between
cultures S and R exceeded the difference among the S culture replicates, suggesting that the
variability in biological sample replicates was less than the actual difference between the
biological samples treated with different conditions.

Therefore, the clustering result in Fig. 6 indicated that the variability increased in the order
of LC/MS injections < sample preparation replicates (under node I) ~ biological replicates
(under node III) < biological samples (between nodes III and IV). Because these differences
were evaluated based on the proteomic quantitation data, a variability observed among
biological replicates also included the variability introduced during sample preparation for
LC/MS analysis. The similarity between the variability observed among the sample
preparation replicates and the variability observed among the biological replicates
suggested that the variability among biological replicates was not larger than the variability
among sample preparation replicates.

www.intechopen.com



58 Fourier Transforms - New Analytical Approaches and FTIR Strategies

3.2.2 Extended selection of differentially regulated proteins

This subsection describes the multiple steps leading to the extended selection of
differentially regulated proteins from all quantified proteins including those with only a
single-peptide hit. The proteins with a single-peptide hit represent 1/3 of the identified
proteins (Li & Roxas, 2009). Therefore, it is desirable to have a procedure to select regulated
proteins from all of the proteins including those with a single-peptide hit to maximize the
potential of the global protein expression profiling.

Establishing a null distribution

Based on the evaluation with the clustering analysis (Fig. 6), the variability among sample
preparation replicates appeared to be comparable with that among biological replicates.
Samples Sp and Rp represented the average of triplicate biological replicates for cultures S
and R respectively, because each of them was the pooled sample of three biological
replicates. The pooling process further reduced the biological variability between Sp and Rp.
Therefore, the [1°N]-labelled control sample replicates (Table 1) were adequate to represent a
null distribution in which there was no differentially regulated protein.
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=
8 100 -
< g
? 0.3 o
T 10
o
"
< r0.2
1
r0.1
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Fig. 7. Apro scatter plots, local variability, and thresholds for selecting differentially
regulated proteins. The blue dots represent the Apro scatter plot of As vs. Ar corresponding
to the unlabeled proteins in sample Sp vs Rp. As is the average of As1 and Asp. Ar is the
average of Ar1and Arp. The red dots represent the Apro scatter plot of Acs vs. Acr
corresponding to the labeled proteins in control sample replicate cSp vs cRp. Acs is the
average of Acs,1 and Acs,z. ACR is the average of AcR,l and AcR,2~ As,1, AS,Z/ AR,1, AR,Q, Acs,1, Acsrz,
A1, and A2 were the Apro values for the eight quantitation categories defined in Table 1.
To evaluate the local noise of Apro measurement, the relative standard deviation (rSTD) for
each protein was calculated from its four unlabeled Apro values As1, Asp, Ar1, and Arp (the
blue trace) or its four labeled Apro values Acs1, Acs2, Acr1, and Acrp (the pink trace). The
rSTD- Apro traces were smoothed with a 100-point moving box. The grey straight lines
indicated a 3-fold (solid line) and a 2-fold (dashed line) change threshold. The solid red and
green curves represent the fold-change thresholds established with the PLGEM-STN
statistics based on the local variance in the null distribution (the pink-dot scatter plot)
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The null distribution afforded an estimation of measurement noise. The determined
measurement noise was then used to estimate the false discovery rate for the selected
differentially regulated proteins between samples Sp and Rp. The null distribution provided
a reference for setting thresholds to maximize the selection of differentially regulated
proteins (positives) while minimizing false positives. In Fig. 7, such a null distribution was
illustrated with the scatter plot represented by the pink dots.

To investigate the relationship between measurement variability and protein abundance
Apro, relative standard deviation (rSTD) was plotted against the mean Apro value for each
protein in the unlabeled protein samples (blue trace) or the labelled control protein samples
(pink trace) (Fig. 7). The rSTD-Apro trace in pink reflected the local noise of the null
distribution. The local noise of the null distribution was mainly due to the variability that
was introduced during sample preparation (Fig. 6). The rSTD-Apro trace in pink clearly
suggested that the Apro measurement noise had a reciprocal dependence on the Apro
amplitude. The rSTD-Apro trace in blue reflected both sample preparation variability and
biological sample difference between cultures S and R. Thus, the blue trace had higher tSTD
values than the pink trace throughout the Apro range.

Modelling local noise in the null distribution

Because of the reciprocal dependence of Apro rSTD on the Apro value, a universal 3-fold-
change cut-off missed some positives at higher Apro values where a <3-fold change was
already significantly different from the local noise. Missed positives at higher Apro values
could be observed in Fig. 7 by examining the spread of the two scatter plots in the high Apro
ranges. At Apro >1000, the rSTD was a few times smaller than that at Apro of ~100. From the
figure, it could be seen that it was possible to detect a < 2-fold change for the proteins with
Apro >1000. To the contrary, at Apro <10, a 3-fold change threshold was not sufficient to
eliminate many false positives. Therefore, a criterion adaptive to the dependence of Apro
noise on Apro values would uncover more differentially regulated proteins. This extended
selection of differentially regulated proteins could be achieved by penalizing proteins with
higher Apro values less than proteins with lower Apro values. Such an adaptive criterion,
however, requires a systematic modelling of the noise to establish the thresholds according
to local variability (Pavelka et al., 2004).

In this study, the PLGEM-STN statistic was experimented with for the selection of
differentially regulated proteins quantified with label-free proteomics based on protein
extracted ion chromatographic intensities. There were two reasons for the choice of the
PLGEM-STN method.

First, the PLGEM-STN method allowed statistical analyses of the proteins quantified with a
single PCS because the PLGEM-STN statistic did not rely on multiple PCSs of a protein like
a t-test (Li & Roxas, 2009). Because single-peptide proteins constituted a third of the
quantified proteins, being able to quantify these single-peptide proteins was important to
maximize the potential value of the data. Second, the PLGEM-STN method took into
account the dependence of Apro noise on Apro levels. A threshold adjustable to the local
dependence of Apro noise on Apro levels allowed the selection of differentially regulated
proteins with a smaller fold-change threshold at a higher Apro level.

Therefore, the PLGEM-STN method potentially could select more differentially regulated
proteins by applying a smaller fold-change threshold in the higher Apro range where the
variability was smaller. This possibility was tested as described below.
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Selecting differentially regulated proteins with PLGEM-STN

_ PLGEM-STN
PLG]fE.I:i/[ STN FP, P, PLGEM-STN-
contidence and FDR Permuted sample pairings MPSP
level Average
I I III v
FP (cSp/cRp) 31 68 22 46 42 13
0.01 P (Sp/Rp) 141 155 134 148 145 101
FDR 022 | 044 0.16 0.31 0.29 0.13
FP (cSp/cRp) 6 15 3 9 8 2
0.002 P (Sp/Rp) 47 50 46 51 49 44
FDR 0.13 | 0.30 0.07 0.18 0.16 0.05

Table 2. Numbers of differentially regulated proteins selected with PLGEM-STN alone or in
combination with MPSP
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Fig. 8. Receiver operating characteristic analysis of the PLGEM-STN approach with (red
curve) or without (blue curve) the combination with MPSP. Positives are the differentially
regulated proteins selected from the comparison of protein abundances between samples Sp
and Rp. False positives are the differentially regulated proteins selected from the comparison
of proteins abundances between samples cSp and cRp. True positives are estimated by
subtracting false positives from the positives. For each approach, i.e. PLGEM-STN-MPSP or
PLGEM-STN, 37 data points at different confidence levels (C.L.) are plotted in this figure,
starting from C.L.=0.0001 up to C.L.=0.01. The increment is 0.001 between C.L. of 0.0001 and
0.003 (30 data points). Between C.L. of 0.003 and 0.01, the increment is 0.01 (7 data points)

Table 2 shows the result of the PLGEM-STN analysis for the unlabeled samples Sp and Rp
and the labelled sample replicates cSp and cRp. cSp and cRp were the labelled control samples
analyzed concurrently with Sp and Rp, respectively. The differentially regulated proteins
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found between Sp and Rp were positives (P), and those found between cSp and cRp were
false positives (FP). Because each protein sample was analyzed with duplicate LC/MS
injections, permutation of the four LC/MS injections for a sample pair resulted in four
permuted sample pairings (Li & Roxas, 2009). These four permuted sample pairings were
numbered as I to IV in Table 2. In each column for a permuted sample pairing in Table 3, the
numbers of false positives and positives and the false discovery rate (FDR) were listed. The
false positives were determined as the differentially regulated proteins for the sample pair
cSp/cRp. The positives were determined as the differentially expressed proteins for the
sample pair Sp/Rp.

In Table 2, the positives and false positives were selected with the PLGEM-STN method at
the confidence level of 0.01 and 0.002, respectively. The results indicate that the numbers of
positives or false positives were not the same among the four permuted sample pairings. To
estimate an average false discovery rate, the numbers of positives and false positives were
respectively averaged among the four permuted sample pairings. The false discovery rate
was then calculated as the ratio of the average number of false positives divided by the
average number of positives. The false discovery rate was determined at two different
PLGEM-STN confidence levels (Table 2). With a receiver operating characteristic analysis,
the PLGEM-STN approach is examined over a broader confidence level range (Fig. 8) and
will be compared with another approach that is to be described below.

Incorporating the MPSP rule

Initially, the PLGEM-STN approach was carried out by comparing the duplicate LC/MS
injections from the two samples R and S without permutation pairings. But the false
discovery rate stayed high unless the sensitivity was severely compromised to reduce the
false discovery rate. For example, at a confidence level of 0.0001, only 16 differentially
regulated proteins were selected at 6% false discovery rate (data not shown). With all of the
permutation pairs and a combination of PLGEM-STN and MPSP, 44 differentially regulated
proteins were selected at a false discovery rate of 5% (Table 2). Therefore, a high sensitivity
is achieved to uncover differentially regulated proteins by utilizing all possible permutation
pairs with a combination of PLGEM-STN and MPSP.

Because of the variable numbers of positives and false positives among the four permuted
sample pairings, it was necessary to determine a consensus list of differentially regulated
proteins from the four permuted sample pairings. Previously, the rule of MPSP was applied
to determine the consensus list of differentially regulated proteins from four permuted
sample pairings (Li & Roxas, 2009). The MPSP rule required that only those proteins that
were found differentially regulated in a certain number of permuted sample pairings were
counted as positives (for Sp/Rp) or false positives (for cSp/cRp). When a sample pair such as
Sp/Rp had no sample replicates but had duplicate LC/MS injections, MPSP was found to be
optimum at four (Li & Roxas, 2009). Setting MPSP at four meant that a differentially
regulated protein had to be found differentially regulated in all of the four permuted sample
pairings.

Selecting differentially regulated proteins with a PLGEM-STN-MPSP approach

The application of the MPSP rule towards the PLGEM-STN results decreased both false
positives and positives (Table 2). But the false discovery rate was also decreased relative to

that when only the PLGEM-STN statistic was applied. From Table 2, it could be seen that the
number of true positives, which was estimated from the difference between the numbers of

www.intechopen.com



62 Fourier Transforms - New Analytical Approaches and FTIR Strategies

positives and false positives, remained about the same. Therefore, the combination of the
MPSP rule with the PLEGM-STN method reduced the false discovery rate by 2-3 times
without compromising the sensitivity.

As summarized in Fig. 8, the receiver operating characteristic analysis clearly shows that the
PLGEM-STN-MPSP approach significantly reduces false positives to improve the specificity
without significantly affecting the sensitivity. Compared to the use of the PLGEM-STN
statistic alone, the combination of PLGEM-STN and MPSP performs better in controlling
false discovery rates without compromising the sensitivity to select differentially regulated
proteins.

Selecting differentially regulated proteins with a fold-change-MPSP approach

Fold-change
Fold FP, P, Permuted sample pairings old-change-
change and FDR Average MPSP
1 II III v

FP (cSp/cRp) 68 77 | 118 45 77 22
2 P (Sp/Rp) 171 | 154 | 186 147 165 104
FDR 0.40 1050 | 0.63 | 0.31 0.47 0.21

FP (cSp/cRp) | 30 | 33 | 47 | 20 33 9

3 P (Sp/Rp) 6 |70 | 85 | 60 70 42
FDR 045 |047] 055 | 0.33 0.47 0.21

FP (cSp/cRp) 17 24 32 10 21 1

4 P (Sp/Rp) 42 50 53 35 45 26
FDR 0.40 1048 0.60 | 0.29 0.47 0.04

Table 3. Number of differentially regulated proteins selected with a fold-change threshold
alone or in combination with MPSP

The use of MPSP with fold-change criteria was also examined (Table 3). With fold-change
criteria alone, the false discovery rate did not drop below 46% at 2- to 4-fold changes. With
the combination of MPSP and the fold-change criteria, the false discovery rate was reduced
from 46% to 21% at 2- and 3-fold changes. At a 4-fold change, the false discovery rate was
reduced to 4%. Compared to the combination of PLGEM-STN and MPSP, however, the
combination of fold-change and MPSP reduced more true positives at the similar false
discovery rate of 4-5%. Therefore, the application of MPSP with the fold-change criteria
reduced sensitivity. The reduced sensitivity was due to the increase in the fold-change
threshold.

With the 4-fold-change-MPSP and the PLGEM-STN-MPSP approaches, 26 and 44 proteins
were respectively selected as differentially regulated at a false discovery rate of 4% or 5%
(Tables 2 and 3). Among these 26 and 44 proteins, there were 55 unique proteins (Li, 2010b).
These 55 unique proteins included all of the 20 high-confidence differentially regulated
proteins identified previously with an empirical fold-change and abundance level cut-off
approach (Roxas & Li, 2009).
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Fig. 9. Comparison of the 26 and 44 differentially regulated proteins respectively selected by
the 4-fold-change-MPSP and PLGEM-STN-MPSP approaches at a 5% false discovery rate.
(A) Overlap of the two sets of differentially regulated proteins. Panels B-D show the
distributions of (B) the number of detected PCSs, (C) the fold changes, and (D) the
abundances of the quantified proteins. The blue square, the purple diamond, and the tan
triangle markers represent the differentially regulated proteins selected by 4-fold-change-
MPSP only, by both, and by PLGEM-STN-MPSP respectively. The protein number was from
1 to 55 on the x-axis representing the 55 unique proteins ranked according to their Apro in
each of the three groups (blue, purple, or tan)

Comparing the PLGEM-STN-MPSP and fold-change-MPSP approaches

Only 15 proteins were common between the two sets of differentially regulated proteins
selected with the 4-fold-change-MPSP and the PLGEM-STN-MPSP approaches (Fig. 9A).
The 4-fold-change-MPSP approach selected more single-PCS proteins than the PLGEM-
STN-MPSP approach (Fig. 9B). The PLGEM-STN-MPSP approach selected proteins with a
fold-change as low as 1.8-fold (Fig. 9C). However, these differentially regulated proteins
selected with PLGEM-STN-MPSP had a protein abundance higher than most of the
differentially regulated proteins selected with the 4-fold-change-MPSP approach (Fig. 9D).
Thus, the two approaches complement each other and could be used simultaneously.

3.3 Discussions

3.3.1 Motivation of the extensive label-free quantitative proteomics analysis

Despite the relative complexity in label-free proteomics data analysis and the demand of
more stringently controlled LC/MS experimental conditions, there are strong motivations
stemming from biological and experimental perspectives to use the label-free approach, as
discussed below.

As shown in Fig. 6, the unlabeled and labelled quantitation categories are separated into two
distinct clusters. One includes the quantitation categories from the labelled control culture C
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(under node I). The other includes the quantitation categories from the two unlabeled
cultures S and R (under node II). Thus, there was a larger difference between the labelled
(©) and either of the two unlabeled samples (S or R) than between the two unlabeled
cultures (S and R). The number of differentially regulated proteins between the labelled
culture and either of the unlabeled culture was about three times as many as that between
the two unlabeled cultures. Compared to the difference between the two unlabeled cultures,
the difference between the labelled culture and either of the unlabeled cultures was larger.
This larger difference was probably because the labelled culture was cultured in a synthetic
minimal medium while the two unlabeled cultures were grown in a commercial 7H9 broth
that was richer in ingredients. Another factor was that the acidic growth condition was a
relatively mild stress so that not many proteins were differentially regulated.

The apparent difference in proteome profile for cells cultured in different media is actually a
strong motivation for this study. In microbiological works, it is not always convenient to
make a [1°N]-labelled medium with complex ingredients required to cultivate bacteria under
more physiologically relevant conditions. Even some of the stable-isotope-labelled media
are technically feasible to make, they often bear a costly price tag. For microbiological
works, one might not want to be restricted by the type of medium that can be used because
of the stable isotope labelling limitation. For example, some mycobacteria are difficult to
cultivate on simple synthetic media and prefer complex media. Thus, unlabeled media are
always convenient choices if the down-stream proteomic analysis is established to proceed
with the quantitation.

For such reasons, the focus of this study was on the comparison of protein expression
profiles between the two unlabeled cultures S and R. The labelled control culture C was
used as an internal standard to estimate false discovery rates.

3.3.2 The use of a [15N]-Iabeled internal standard for null distribution construction

The label-free quantitation scheme presented in this study incorporated a labelled internal
control to provide replicates for noise modelling without a requirement of other unlabeled
sample replicates. The inclusion of a labelled internal control facilitates the estimation and
control of false discovery rates.

Internal standards are commonly used to improve reliability of quantitative proteomics such
as to aid in removing outlier data and to detect fluctuation in instrument performance
(Mirzaei et al., 2009). Compared to other synthetic peptide internal standards(Mirzaei et al.,
2009; Winter et al., 2010), the [>N]-labelled control culture C provides more comprehensive
peptide internal standards. For most of the peptides, the extracted ion chromatographic
intensities can be matched among the three protein samples originated from the two
unlabeled (S and R) cultures and the labelled (C) culture. The C protein sample was mixed
and run together with either S or R protein sample, so that the reliability of the internal
standards was improved.

To construct the null distribution for the error model in PLGEM-STN, it would be ideal to
have the labelled internal standard identical to an unlabeled sample in protein composition.
As mentioned above, however, that requirement could restrict the culturing conditions
available for biological experiments. Thus, it is acceptable and sometimes necessary to use a
labelled protein mixture sample as internal standard, even though the internal standard
sample might be somewhat different from the unlabeled samples in protein abundance
profiles.
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Nevertheless, the null distribution is only utilized to establish the relation between the
signal-to-noise ratio and the peptide abundance in the PLGEM-STN method. There is no
requirement of direct one-to-one comparison between the labelled and unlabeled version of
a protein during this process. Therefore, the difference in proteome composition between
the labelled internal standard sample C and the two unlabeled samples S and R is not
expected to affect the modelling parameters derived from the null distribution constructed
from the labelled C sample.

One could choose to run multiple replicates of an unlabeled sample and use the replicates to
construct the null distribution. That approach would require more LC/MS runs as discussed
previously (Li & Roxas, 2009).

3.3.3 Label-free data analyses and selection of differentially regulated proteins

The LC/MS data used in this work was acquired with a high-resolution mass spectrometer
that resolved peptide peaks from a complex sample mixture to allow the determination of
the extracted ion chromatographic intensities of peptides and proteins. Repeated LC/MS
injections showed the highest reproducibility among several other types of replicates,
indicating that the major variability of the label-free quantitation did not lie within the
LC/MS separation and the data analysis method. Rather, sample preparation replicates
represented a major source of the variability. With a labelled control sample to run
concurrently with each of the unlabeled samples, replicates for the labelled control sample
were obtained. The control sample replicates provided data to model the noise in the label-
free quantitation with extracted ion chromatographic intensities.

We performed a two-step normalization procedure in which the information about the
abundance of a peptide or protein in a sample was preserved (Li, 2010b). The preservation
of the information about the abundance of a peptide or protein in the samples is critical for
performing the PLGEM-STN analysis. In addition, because protein extracted ion
chromatographic intensity was represented by the sum of the PCS extracted ion
chromatographic intensities belonging to that protein, the summation weighed the low-
intensity PCSs less than the high-intensity PCSs. Such a summation of PCS extracted ion
chromatographic intensities probably suppressed noise from lower-intensity PCSs. When a
protein abundance ratio is calculated as the average of PCS abundance ratios without
weighing, the noise from a lower-intensity PCS would be amplified. We have avoided this
potential issue by summing the PCS intensities to represent protein abundances before
calculating protein abundance ratios.

Single-peptide proteins made up about 35% of the quantified proteins (Li, 2010b). Selection
of differentially regulated proteins from these single-peptide proteins required a
significance assessment method that did not rely on multiple-peptide detection to calculate
a statistic about the confidence of a protein differential abundance. The use of a statistic that
does not rely on the detection of multiple peptides is especially useful when the sample
replicates were too low to use a typical statistical test such as a t-test. PLGEM-STN was a
method that fits this criterion.

However, PLGEM-STN alone was not strict enough to control the false discovery rate
without further diminishing the number of positives (Fig. 8). The lack of stringency by using
the PLGEM-STN method alone was similar to that by using the t-test alone (Li & Roxas,
2009). In that prior study, the lack of specificity with a t-test alone was overcome by
introducing the rule MPSP. The MPSP rule simply requires that a protein be selected as
differentially regulated only when it was repeatedly found so in certain number of
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permuted sample pairings. The MPSP rule was introduced to deal with datasets with small
replicates where other more sophisticated statistical tests could not be applied (Li & Roxas,
2009). Although the MPSP rule was originally used in combination with a t-test statistic and
a fold-change threshold, this study shows that it can be used in combination with other
types of statistical tests such as the PLGEM-STN method (Fig. 8).

The combination of the MPSP rule allowed the selection of differentially regulated proteins
at a false discovery rate <6%, which would have been impossible for a fold-change method
(Table 3). The MPSP rule significantly reduced false positives while keeping the number of
true positives relatively constant, thus effectively improving the statistical confidence of the
selected differentially regulated proteins by lowering the false discovery rate (Table 3). The
results suggest that MPSP is a rule that can be used in combination with different types of
statistics to select differentially regulated proteins.

The label-free quantitation simplified cell culturing and sample preparation. Another useful
aspect of the label-free quantitation is that peptide cross-reference could be used to increase
the number of proteins quantified in all of the samples run under the same condition
(Andreev et al., 2007). Lipton et al. introduced the concept of accurate mass and elution time
peptide tag for global protein quantitation using high resolution mass spectrometry (Lipton
et al., 2002). One advantage of this method over using the spectral counting method is that
the large number of identifications that occur in a LC/MS injection can be used as the basis
for improved quantitation of another LC/MS injection (Andreev et al., 2007; Fang et al.,
2006; Strittmatter et al., 2003). The accurate mass and elution time peptide tag approach uses
the extracted ion chromatographic intensities as the quantitative measurement of peptides
and proteins. The linear response of peptide extracted ion chromatographic intensities to
protein quantities was demonstrated (Hochleitner et al., 2005; Lundrigan et al., 1997; Wang
et al., 2006). This method was thus used to improve the comparability of proteins quantified
between samples, among LC/MS injections, and for different isotopic forms of a protein
(Rao et al., 2008a). The quantitation of 349 proteins from a single gel fraction for several
samples clearly demonstrated the power of the peptide cross-reference feature in extracted
ion chromatographic intensity-based label-free quantitative proteomics (Li & Roxas, 2009).
One drawback of extracted ion chromatographic intensity-based label-free quantitative
proteomics is that the success of an analysis critically depends upon the reproducibility of
LC/MS runs that have to be maintained across multiple samples. The reproducibility of
LC/MS runs across multiple samples is a prerequisite to reliable peptide cross reference
(Andreev et al., 2007). With the advancement in LC/MS instrumentation and the availability
of improved LC/MS chromatogram alignment methods (Fischer et al., 2006; Podwojski et
al., 2009), the reproducibility of LC/MS runs is unlikely to remain an obstacle for the
increasing use of label-free quantitative proteomics.

3.4 Summary

A label-free quantitative proteomics scheme was demonstrated to select differentially
regulated proteins with single-peptide hits and <2-fold changes at a 5% false discovery rate.
The scheme incorporated a labeled internal control into multiple unlabeled samples to
facilitate error modeling when there were no replicates for the unlabeled samples. The error
modeling allowed the use of the PLGEM-STN statistic to facilitate the selection of
differentially regulated proteins with single-peptide hits. The PLGEM-STN statistic also
facilitated the selection of differentially regulated proteins at different fold-change
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thresholds according to the local abundance level of the proteins. While the PLGEM-STN
statistic uncovered more differentially regulated proteins at higher abundance with smaller
fold-changes, the PLGEM error modeling of local variance versus abundance over-penalized
the proteins with lower abundance. With a constant fold-change threshold, however,
differentially regulated proteins with higher abundance were overlooked. Thus, the results
from this study showed that the PLGEM-STN and a constant fold-change threshold were
complementary to each other and could be used simultaneously. But, neither the PLGEM-
STN nor the 4-fold-change criterion alone was stringent enough for selecting differentially
regulated proteins at a 5% false discovery rate.

MPSP was introduced and shown to be a rule that could decrease false discovery rates when
being used in combination with the PLGEM-STN statistic or the 4-fold-change threshold.
The MPSP rule played a critical role in extending the selection of differentially regulated
proteins to those with single-peptide hit or with a lower fold-change in label-free proteomics
when sample replicates were limited. Although the approaches were demonstrated for a
representative replicate-limited scenario, they potentially can also be applicable to a
situation where more sample replicates are available.

4. Conclusion

This chapter presents several examples of proteomic studies utilizing the LTQ-FTMS
instrument. The instrument typically provides a high resolution (> 500,000), a large mass
range (one order magnitude in a single scan), and high mass accuracy (< 2 ppm) in many
experiments.

The protein turnover studies benefit greatly from the high resolution in a large mass range,
which allows the resolution of isotopomers and isotopologue profiles that could possibly be
generated by almost any degree and type of stable isotope labeling. The well resolved full-
range spectra simplify the data processing steps and improve data quality. Because a
spectral count method reports the MS? events mostly on monoisotopic peaks, it is usually
not suitable for protein turnover study. Therefore, a high-resolution mass spectrometer such
as an FTMS instrument is highly desired for protein turnover studies.

The high mass accuracy is critical in the implementation of a label-free proteomics approach.
The label-free quantitative proteomics relies on a cross reference of peptides between runs
and an integration of extracted ion chromatographic intensities. The peptide cross reference
allows the quantitation of a peptide in a run in which the peptide is not identified but is
identified in another run. It is based on the accurate mass and reproducible liquid
chromatographic elution time of the peptide in multiple runs. The cross reference allows
more peptides to be quantified. It also improves the comparability of samples because the
same peptides, thus the same proteins, are quantified in multiple samples.

The label-free quantitation is useful not only for protein differential expression studies, but
also for proteome dynamics studies where the abundances of newly synthesized proteins
are to be quantified separate from those of the total proteins and the old proteins.

Thus, the label-free quantitation approach is universally applicable to different proteomic
studies. The assessment of statistical significance in such a quantitation approach is
challenging especially for the proteins with few peptides identified and when the replicates
are limited. A combination of the MPSP rule with a global error modeling method and a
fold-change threshold proves to be effective in controlling the false discovery rates in
protein differential analysis.
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