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ABSTRACT 

 

Historically, there has been tremendous synergy between biology and analytical 

technology, such that one drives the development of the other. Over the past two decades, 

their interrelatedness has catalyzed entirely new experimental approaches and unlocked 

new types of biological questions, as exemplified by the advancements of the field of 

mass spectrometry (MS)-based proteomics. MS-based proteomics, which provides a 

more complete measurement of all the proteins in a cell, has revolutionized a variety of 

scientific fields, ranging from characterizing proteins expressed by a microorganism to 

tracking cancer-related biomarkers. Though MS technology has advanced significantly, 

the analysis of complicated proteomes, such as plants or humans, remains challenging 

because of the incongruity between the complexity of the biological samples and the 

analytical techniques available. In this dissertation, analytical methods utilizing state-of-

the-art MS instrumentation have been developed to address challenges associated with 

both qualitative and quantitative characterization of eukaryotic organisms. In particular, 

these efforts focus on characterizing Populus, a model organism and potential feedstock 

for bioenergy. The effectiveness of pre-existing MS techniques, initially developed to 

identify proteins reliably in microbial proteomes, were tested to define the boundaries 

and characterize the landscape of functional genome expression in Populus. Although 

these approaches were generally successful, achieving maximal proteome coverage was 

still limited by a number of factors, including genome complexity, the dynamic range of 

protein identification, and the abundance of protein variants. To overcome these 

challenges, improvements were needed in sample preparation, MS instrumentation, and 

bioinformatics. Optimization of experimental procedures and implementation of current 

state-of-the-art instrumentation afforded the most detailed look into the predicted 

proteome space of Populus, offering varying proteome perspectives: 1) network-wide, 2) 

pathway-specific, and 3) protein-level viewpoints. In addition, we implemented two 

bioinformatic approaches that were capable of decoding the plasticity of the Populus 

proteome, facilitating the identification of single amino acid polymorphisms and 

generating a more accurate profile of protein expression. Though the methods and results 

presented in this dissertation have direct implications in the study of bioenergy research, 

more broadly this dissertation focuses on developing techniques to contend with the 

notorious challenges associated with protein characterization in all eukaryotic organisms. 
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CHAPTER 1  

 

PRINCIPLES OF MASS SPECTROMETRY-BASED PROTEOMICS 

AND ITS APPLICATIONS TO A BIOENERGY CROP  
 

1.1 The Omics Era: Enabling a Systems-level View of How Cells 

Function 

  

 A living cell can be described as a tightly regulated, yet readily adaptable system 

that contains a collection of molecules that work synergistically to dictate its function and 

organization, allowing biological processes such as cell growth and adaptation to varying 

environmental perturbations to occur simultaneously. Understanding the molecular basis 

of how cells function is a fundamental goal of molecular biology and is crucial to 

improving human health (i.e., aberrations in biological process play a role in diseases 

such as Parkinson’s disease) and the environment (i.e., bioremediation strategies utilize 

key biological processes to reduce pollution). The birth of modern, molecular biology 

began in 1958; the discovery that each cell contains a molecule encoding all of the 

genetic information necessary for an organism to persist had profound implications for 

molecular biology and is considered one of the greatest scientific achievements of the 

twentieth century
1-2

. The genetic material identified was DNA, an abbreviation for 

deoxyribonucleic acid. This discovery led to the central dogma of molecular biology, 

which described a unidirectional flow of information from DNA to messenger 

ribonucleic acid (mRNA) to proteins
3
. Since the establishment of the central dogma, the 

increasing use of high-throughput analytical technologies has advanced our 

understanding of the relationship between these three molecules and concomitantly, 

heralded a new way of thinking about molecular biology – the “omics” era. 

 After the initial discovery of the double-helix structure of the DNA molecule, 

scientists could now examine the genetic code embedded within it; the most critical 

feature of a DNA molecule. Once the sequence of a DNA molecule is deciphered, 

scientists’ could identify the genes that it contains and study their activities in greater 

detail. Beginning in 1960s, the coding race began and molecular biologists scrambled to 
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be the first to decipher life’s code. By 1965, the language of DNA was understood and 

since then, DNA molecular biologists have been able to develop techniques to obtain 

longer stretches of DNA sequencing, culminating in the 1995 completion of the first 

whole-genome (i.e., knowledge of the complete set of coding and non-coding DNA) 

sequence of the bacterium Haemophilus influenzae
4
. Subsequently, the success of the 

first whole-genome sequencing led to the draft of the first human genome in 2001
5-6

. The 

information gleaned from a sequenced genome enabled scientists to explore an 

organism’s genetic space, giving scientists’ the ability to measure the genotype of any 

organism (i.e., the field of genomics)
7
. Making use of constantly refined technologies, the 

number of publicly available genome sequences is rising exponentially. Today, almost 

2,000 genomes have been completed. Of those sequenced, 1644 are prokaryotic species 

or strains, 117 are archaeal and 153 are eukaryotic. In the present genomic era, as a 

testament to the rate of DNA sequencing, there are over 11,000 ongoing projects
8
. With 

the availability of high-quality genome catalogs, attention is now being directed towards 

the transcriptome (i.e. the complete set of transcripts in a cell) and proteome (i.e., the 

complete set of protein isoforms in a cell), which are a means to understanding how the 

information contained in the genome is used by the cell. This paradigm shift has given 

rise to functional genomics, which endeavors to make use of the massive amount of 

information to understand how genes actually function at the cellular-level
9-10

. 

 Instead of focusing on the static physical aspects of the genome (i.e., the 

presences or absence of genetic content), functional genomics aims to understand the 

dynamic aspects of gene function at the level of transcripts and proteins, albeit with the 

genome as an anchor point. To understand the functional elements of the genome, the 

study of the transcriptome is a natural starting point, since genes are expressed through 

RNA transcription. When a cell enters a specific functional role, only a selective set of 

genes are transcribed into mRNA molecules (i.e., the RNA molecules that convey genetic 

information to the ribosome), and thus transcriptomics has emerged as a powerful 

approach for surveying gene expression. The primary aims of transcriptomic 

investigations are to catalogue all the transcripts during different cellular states in order to 

determine the transcriptional structure of genes and quantify the expression levels of each 
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transcript. Among the various technologies that have been developed to deduce and 

quantify the transcriptome, hybridization approaches (i.e., microarray-based transcription 

profiling) have been the mainstream technology for the past decade. When a genome 

sequence is available, genome tiling microarrays prove most effective in profiling gene 

expression because they offer a less biased survey of mRNA transcripts within cells
11-13

. 

Despite how successful this approach has been at elucidating and interrogating patterns of 

mRNA transcripts within cells, the advent of accessible next-generation sequencing 

technology promises to offer a far more precise measurement of transcriptomes. To date, 

several studies comparing hybridization arrays to RNA-sequencing have been 

performed
14

. In comparison to microarrays, RNA-sequencing has many clear advantages, 

the most important being: better dynamic range, low technical variation and the ability to 

detect novel transcripts
15

. Though RNA-sequencing technology promises to provide a 

better understanding of spatio-temporal transcription profiles, one thing, however, that a 

transcriptomic catalog will not answer is the exact concentration (i.e., the presence of a 

protein) or activity of proteins, the final product of gene expression. 

 As discussed above, genomic and transcriptomic investigations are a rich source 

of information; however, neither a static genome nor the presence of a transcript can be 

used to measure the actual functional state of a cell at a particular time point. It is the 

proteins, not the genes or transcripts, which are directly responsible for the observed 

phenotype (i.e., the morphology, anatomy, and function of a cell). Within a cell, proteins 

catalyze and essentially control all biological processes. Hence, the study of proteins is 

not only a necessary goal of molecular biology but essential to fully understand gene 

function at a holistic, systems-level perspective. First coined in 1996, proteomics has 

emerged as an indispensable level of information in the functional genomics era
16

. 

Despite superficial similarities with DNA and RNA molecules, initial efforts to globally 

characterize proteins were analytically challenging, in part owing to the diverse 

physicochemical properties of amino acids, which are the chemical building blocks of 

protein molecules. Like other emerging fields of research, the major impediment was 

technological. In the 1970s, proteomics advanced considerably because, for the first time, 

scientists’ could simultaneously resolve thousands of proteins via two-dimensional gel 
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(2-DE) electrophoresis
17-18

. In the most common implementation, protein molecules are 

separated by charge using isoelectric focusing (first dimension) and then by size (second 

dimension) using SDS polyacrylamide gel electrophoresis. Next, separated proteins are 

detected by staining, resulting in a two-dimensional image of proteins occupying a 

specific x- and y- coordinate. For each “spot”, the staining intensity provides an estimate 

of the quantity of the protein(s) present. With this technique, the spot profiles from 

different biological samples could be compared, providing a general method to profile 

gene expression. Although scientists could analyze various protein expression patterns, 

this methodology was essentially descriptive and did not reveal the identity of the 

resolved proteins. The following decade, however, witnessed an accelerated pace of 

technological developments on this front. By the early 1990s, protein sequencing 

techniques, mass spectrometry-based approaches in particular, had fundamentally 

changed protein characterization in molecular biology. 

1.2 Mass Spectrometry-based Proteomics 

  

Today, mass spectrometry (MS) plays a pivotal role in proteomics, primarily as a 

consequence of one technical breakthrough in the late 1980s. This breakthrough – two 

ionization methods: matrix assisted laser desorption/ionization (MALDI) and 

electrospray ionization (ESI) - solved the difficult problem of transferring relatively 

large, non-volatile molecules into the gas phase in an electrically charged form, a process 

known as ionization
19-20

. John Fenn, who shared the 2002 Nobel Prize for chemistry, 

captured the significance of this accomplishment in his famous phrase, “We learned how 

to make elephants fly”. After these breakthroughs, the development of low-cost 

commercial mass spectrometers equipped with either a MALDI or ESI ion source quickly 

followed, giving molecular biologists the ability to robustly measure and identify 

proteins. With proteins easily transferred into the gas phase, scientists could then measure 

the mass or, more precisely, the mass-to-charge ratio (m/z) by accelerating the ions to a 

mass analyzer. In general, MALDI ion sources were coupled with time-of-flight (TOF) 

mass analyzers
21

, whereas ESI was commonly coupled with a triple-quadrupole
22

 or ion-

trap mass spectrometers
23

. While both methods allowed routine analysis of proteins, the 
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two techniques had divergent - but equally significant – reasons for their popularity. 

MALDI-TOF instruments rapidly gained popularity for a variety of reasons, mainly 

owing to the ease of use (i.e., the platform predominately generates singly-charged 

species, hence the results are relatively easy to interpret), broad mass range (i.e., m/z 

values could range from 400 to 350,000), high mass accuracy, and measurement 

sensitivity (i.e., capable of detecting low molecular quantities in a sample)
24

. With these 

figures of merit, the MALDI-TOF platform became a powerful tool to determine the 

molecular weight of intact proteins (i.e. top-down mass spectrometry) with a high degree 

of accuracy
25

. As a complement to MALDI-MS platform, ESI gained immediate 

popularity because the ionization process had the propensity to generate multiply-charged 

ions. In contrast to singly-charged ions, multiply-charged ions respond well to 

fragmentation processes, making the ESI ion source well-suited for use in tandem mass 

spectrometry (MS/MS) applications (tandem-in-time, ion trap; tandem-in-space, triple 

quadrupole) such as peptide sequencing
26

. Perhaps an even more important reason for 

ESI popularity was because the ease at which the source could interface liquid phase 

chromatography to mass spectrometers. Together, these features clearly established ESI-

LC-MS/MS as a powerful platform for the analysis and subsequent identification of 

peptides in complex mixtures (bottom-up mass spectrometry). Since the establishment of 

these two complementary - and equally compelling – approaches, top-down and bottom-

up mass spectrometry have evolved significantly. As these methods improved and were 

combined with genome sequencing, it was quickly recognized that these protein 

measurements could be used to comprehensively characterize proteomes at a larger scale. 

Over the past two decades, top-down (TD) proteomics has earned a remarkable 

place in proteomics – driven by the interest in interrogating protein structure and 

identifying protein heterogeneity (i.e., the ability to study post-translational 

modifications, splice variants, mutations, etc.)
27

. In the years since its emergence, more 

rigorous experiments are being conducted. Rather than only measuring the intact 

molecular weight of a protein, direct fragmentation of the protein in the gas phase is 

routinely performed for partial sequencing. The first demonstration of the top-down 

fragmentation approach occurred in the 1990s, when a group of researchers measured the 
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electrosprayed ions of ribonuclease A using a triple quadrupole instrument
28

. In the years 

that followed, improvements in mass analyzer technology, specifically the introduction of 

Fourier transform ion cyclotron resonance (FTCIR), led to the first report of a protein ion 

analysis with high resolution (i.e., isotopic resolution)
29-30

. Today, the evolution of FT 

and TOF instruments have made high-resolution MS broadly available – a mass resolving 

power (i.e., full width at half height) of 100,000 is readily achievable with commercial 

instrumentation
31-32

. Emphasizing work with protein profiling, the advancements in MS 

hardware continue to improve TD LC-MS/MS approaches – the identification of 1,000-

3000 proteins from complex mixtures is now possible
33

. To date, high-throughput TD 

proteomics is feasible: it has been applied for both discovery-focused as well as 

hypothesis-driven investigations and has been applied to various cell-types, ranging from 

microorganisms to cancer lines
34-35

. Although TD has advanced significantly, many 

challenges still remain. Currently, the greatest hindrance in TD proteomics is the 

difficulty in analyzing proteins with high molecular weights (>60 kDa)
36

. In addition to 

technological limitations, the front-end separation of intact proteins is more challenging 

than the separation of peptide mixtures analyzed by the bottom-up approach
37

. Moreover, 

there is a severe deficiency in algorithms and software that interpret results, especially 

compared to the variety of informatics tools available for bottom-up proteomic analysis. 

This discrepancy between top-down and bottom-up proteomics is largely in response to 

the more rapid advancement of techniques and instrumentation of bottom-up mass 

spectrometry, furthering its widespread adoption and development. 

As discussed above, TD proteomics is a relatively primitive field compared to 

bottom-up proteomics. Given the complementary nature of the information provided by 

TD strategies, the approach will continue to be employed. However, until improvements 

in MS hardware and bioinformatic tools are made, the bottom-up (BU), or “shotgun”, 

approach will remain the mainstream method when tackling high-complexity samples for 

large-scale proteomic investigations
38

. The term “shotgun proteomics” is frequently used 

to describe the method because it’s analogous to shotgun genomic sequencing - in which 

the DNA is shredded into smaller parts, sequenced individually, and reassembled into 

their original order. Most BU proteomic applications rely on the proteolytic digestion of 



 

 7 

proteins into peptides prior to mass analysis, followed by their subsequent introduction 

into a mass spectrometer. In the early 1990s, the first BU techniques were being routinely 

used to produce accurate peptide molecular weight “fingerprints”
39

. In conjunction with 

computational tools, this method identified proteins by matching the measured masses of 

two or more peptide fingerprints to theoretical peptide masses generated from a protein 

sequence database (i.e., information obtained from genome sequencing). For simple 

protein mixtures, like those obtained from 2-DE, accurate peptide mass information 

provided enough discrimination to identify unknown proteins “on the fly”. In 1993, 

peptide mass fingerprinting was coupled with liquid chromatography (LC) to further 

separate peptide mixtures - this significantly improved the overall number of peptides 

observed and marked the beginning of the proteomics era
40

. However, when dealing with 

more heterogeneous peptide mixtures, peptide mass fingerprints alone were generally not 

accepted as sufficient evidence for protein identification – peptides may have the same 

mass. 

Around the same time, Mann and Yates demonstrated a new approach to connect 

mass spectrometry data with protein sequence databases
41-42

. Using tandem mass 

(MS/MS) spectrometry, peptide molecular masses, along with their amino acid 

sequences, are obtained and, to this day, have proven more useful for protein 

identification. In brief, MS/MS analysis is a two-step process. The first step involves 

recording the m/z values of all the peptides ions that are introduced into the mass analyzer 

at a given time (MS spectrum). Next, a single selected peptide m/z (often referred to as 

the “precursor” ion) is fragmented into smaller pieces (fragment ions) in the collision cell 

of the mass spectrometer. A MS/MS spectrum is therefore a record of all the fragment ion 

m/z values generated from an isolated precursor ion. In practice, MS/MS spectra are 

deciphered by identifying a consecutive series of fragment ions whose differences 

correspond to molecular masses of amino acids. As such, the fragmentation pattern 

encoded by a MS/MS spectrum allows the identification of the peptide that produced it. 

Using this method, Mann and coworkers demonstrated that, even though the 

interpretation of MS/MS spectra is complex, one could easily identify “runs” of fragment 

ions, which yield partial sequences called “peptide sequence tags”
41

. By using peptide 



 

 8 

sequences tags, peptides could then be located to a specific protein in a sequence 

database. The introduction of the database search algorithm, PeptideSearch, allowed for 

rapid error-tolerant identification of peptides in protein sequence databases. A parallel 

development by John Yates and coworkers searched MS/MS spectra with a different 

approach, based on cross-correlation of a theoretical spectrum with the experimental 

fragment ion spectrum, to identify proteins
42

. Since peptides fragment in a highly 

predictable way, a search algorithm, named SEQUEST, was built with a cross-correlation 

function that provided a measurement of similarity between the fragment ions observed 

in a MS/MS spectrum and the predicted fragmentation patterns of peptide sequences in a 

database. Together, the Mann and Yates database search algorithms provided the 

necessary bioinformatic infrastructure to automatically identify peptides from MS/MS 

spectra. Two decades later, these approaches remain the basis for most, if not all, 

discovery-based BU investigations. 

1.3 Bottom-up Proteomics for Discovery-based Investigations 

1.3.1 Peptide Sequencing by Tandem Mass Spectrometry 

During the 1970s and 1980s, key developments in instrumentation and progress in 

understanding gas-phase chemistry allowed for the mass analysis of precursor ions, 

fragmentation of the selected ions, and mass analysis of the resulting fragmentation ions 

(i.e. tandem mass spectrometry)
43

. During this period, Donald Hunt and colleagues were 

among the first to develop a peptide sequencing strategy based on tandem mass 

spectrometry
26

. Using a triple quadrupole mass spectrometer, Hunt showed how to derive 

peptide sequence information by fragmenting precursor ions with low energy (<200 eV) 

collision induced dissociation (CID)
44

. With this strategy, the ability to precisely select 

and sequence co-ionizing peptides became available. Soon thereafter, this fragmentation 

process was commercialized into the tandem-in-time instruments (ion selection and its 

dissociation occurs within the same space) such as the ion trap mass spectrometers, 

particularly the LCQ by the Finnigan Corporation. Compared to the triple quadrupole 

instrument, ion trap instruments provided much better precursor selection resolution and 

product ion resolution
45

. In the years to follow, tandem mass spectrometry via CID 
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fragmentation was, and still is, used ubiquitously for peptide sequencing, and thus will be 

discussed in greater detail. 

As discussed previously, the MS/MS data acquisition process consists of two 

stages: (1) the instrument scans all peptide ions that are introduced into the mass analyzer 

at any given time and records the full-scan (or MS
1
) spectrum – a list of the m/z ratios 

and intensities of all peptide ions; (2) a peptide ion observed in the MS1 spectrum is then 

isolated and fragmented by CID to break down the peptide into smaller pieces (Figure 

1.1A-C). The acquired MS/MS (or MS
2
) spectrum is thus a record of the m/z values and 

intensities of each fragment ion. The CID fragmentation pattern encoded by the MS/MS 

spectrum allows the identification of the amino acid sequence of the peptide that 

produced it. However, identifying a peptide sequence in an MS/MS spectrum is 

analogous to solving a jigsaw puzzle. The solution to the puzzle demands knowledge of 

how the peptides fragment and hence requires an understanding of the CID peptide 

fragmentation process. Fundamentally, CID fragmentation can be described as a two-

stage phenomenon. In the first stage, fast-moving ions are activated (excited) through 

multiple energetic collisions with a neutral gas atom, such as helium or argon. Upon 

collision, a fraction of the ion’s kinetic energy is transferred into internal vibrational 

energy. During the second stage, the rapidly deposited internal energy - caused by 

multiple collisions - subsequently promotes dissociation of the molecule into smaller 

fragments. Although the energy is randomly distributed across all atomic bonds, it is the 

weakest bond that breaks. For peptide ions, the dissociation pathways observed in CID 

spectra have been rationalized by the “mobile proton” model
46-47

. Since its establishment, 

the mobile proton model has provided a qualitative framework that permits the 

interpretation of peptide MS/MS spectra. Essentially, the model assumes that when 

protonated peptides are created by ionization methods such as ESI, the protons are 

initially localized on the most basic sites of the ion. In a peptide, these sites are the N-

terminus and the side chains of basic amino acid residues (i.e., histidine, lysine, and 

arginine). 
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Figure 1.1. Illustration of how peptides sequencing information is obtained during a 

tandem mass spectrometry experiment. (A) Peptides are separated by liquid 

chromatography and the m/z values are observed in a (B) MS
1
 spectrum. A single 

precursor ion is isolated for CID fragmentation, which produces a (C) MS
2
 spectrum. (D) 

The spectral information in each MS2 spectrum can be used to identify the peptide 

sequence. For CID, the b- and y-ion series is used. 
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Figure 1.2. Illustration of collision induced fragmentation of a polypeptide. (A) A peptide 

backbone with four amino acid residues (R) and the types of fragment ions generated in a 

CID MS/MS spectrum. If the charge is retained on the N-terminal side, the fragment ion 

is classified as either a, b, or c. If the charge is retained on the C-terminal side, the ion 

type is x, y, or z. (B) The fragment ion structure of a b- and y-type fragment ion. 

  



 

 12 

After the peptide ion becomes activated in a collision cell, the additional energy allows 

the proton(s) to explore less-basic sites along the peptide chain. Among the potential 

locations that can be broken by these collisions, protonation most often occurs at the 

amide site (Figure 1.2)
48

. Protonation of the neutral amide bond weakens its stability, thus 

permitting the cleavage of the peptide bond and creating b- and y-ions, which denotes 

charge retention on either the N- or C-terminus. Since CID fragmentation occurs more or 

less randomly at various amide bonds across a peptide backbone, a series (“ladder”) of b- 

and y-ions will be present in each MS/MS spectrum. This fragmentation ladder, in fact, 

can be manually interpreted to identify a peptide amino acid sequence, albeit with 

efficient training in the interpretation of MS/MS spectra. Manual analysis is done by 

looking at the mass difference between peaks of a MS/MS spectrum and determining if 

the mass difference corresponds to an amino acid residue – identifying consecutive ions 

belonging to the same series (b- or y- ion series) allows the determination of the peptide’s 

sequence (Figure 1.1D). In principle, complete coverage of either b- or y- type ions 

allows full annotation of the entire peptide amino acid sequence from a MS/MS 

spectrum. However, complete coverage of tandem mass spectra – particularly for larger 

peptides - is rarely achieved, resulting in missing fragment ions, which produces gaps in 

the analyzed amino acid sequence. This result can cause an incorrect identification, 

especially if only relatively few peaks are annotated. Due to the scale of modern 

proteomic experiments (over 100,000 MS/MS spectra are typically collected), manual 

analysis of collected MS/MS spectra is clearly impractical. Given this limitation, 

computer algorithms have been constructed - based on expert knowledge of CID 

fragmentation – to annotate MS/MS spectra in an automated fashion (vide infra). 

1.3.2 Peptide Identification by Searching Algorithms 

The rapid identification of peptides, using tandem mass spectra and sequencing 

algorithms, ushered in a new era of bottom-up proteomics. By simplifying the most time-

consuming part (i.e., annotation of MS/MS spectra), computational approaches that 

automatically assigned peptide sequences to MS/MS spectra became an essential tool for 

large-scale protein analyses. Not only did these algorithms increase throughput, the 

ability to automate the interpretation of MS/MS spectra opened the door for non-experts 
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to perform the analyses. Today, nearly all tandem mass spectra are interpreted by three 

types of algorithms: 1) de novo sequencing, where the amino acid sequence of a peptide 

is explicitly “read out” from a MS/MS spectrum; 2) a hybrid approach that combines de 

novo sequencing and database searching, where short peptide sequence tags of 3-5 

residues in length are extracted from MS/MS spectra and used for error-tolerant database 

searching; and 3) database searching, where peptides are identified by correlating 

acquired experimental MS/MS spectra with theoretical spectra predicted for each peptide 

contained in a protein sequence database. 

Due to the lack of genomic sequencing information, de novo analyses preceded 

the other sequencing strategies by several decades - the concept extends back to 

experiments performed by Klaus Biemann in the early 1970s
49

. Over the course of 

subsequent decades, numerous de novo sequencing algorithms have been developed to 

assist researchers in this task. Among these programs, the better known are PEAKS
50

, 

MSNovo
51

, and PepNovo
52

, which use sophisticated probabilistic scoring functions that 

measure the matching quality between a MS/MS spectrum and a peptide sequence. The 

primary advantage of the de novo approach for peptide sequencing is that each spectrum 

is given an equal opportunity to match any combination of amino acid residues, 

regardless of whether the researcher anticipated detecting the sequence or not. The 

independence to a predicted sequence database makes de novo sequencing the preferred 

method to identify unexpected peptide modifications (for example, peptides containing 

post-translational modifications, truncations, or mutations) and study species for which 

no or limited genome sequence information is available. Despite this attractive capability, 

de novo sequencing has not yet become a practically useful approach for large-scale data 

analysis. In fact, what makes de novo sequencing so attractive also makes it extremely 

challenging. Due to the lack of a reference database, the analysis requires MS/MS spectra 

of the highest quality and more advanced algorithms, which are computationally 

intensive
53

. Moreover, de novo sequencing greatly increases the number of candidate 

peptide sequences compared to each spectrum, consequently incurring not only 

significant costs to processing time but also unacceptable error rates. With the advent of 

high-through genome sequencing, this approached has adapted appropriately. Today, a 
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number of approaches combine de novo sequencing elements with database searching 

algorithms. 

 First pioneered by Matthias Mann in 1994
41

, the analysis starts with the 

extraction of short sequence tags (partial sequences) from each MS/MS spectrum. An 

error-tolerant database search for each MS/MS spectrum is then performed, importantly, 

only against database peptides that contain one of the partial sequences, thereby reducing 

the processing time and error rates. Moreover, these searches can be augmented to allow 

for one or more mismatches between the sequence inferred from the MS/MS spectrum 

and the database sequence. This powerful concept has been extended by several groups to 

systematically identify chemically modified peptides (i.e., post-translational 

modifications) or peptides containing mutations (i.e., cancer biomarkers)
54-57

. By uniting 

de novo sequencing with database tag reconciliations, this hybrid approach remains 

extremely relevant in modern proteomics-based research. 

Today, database searching algorithms remain the most frequently used method for 

large-scale protein identification. Since 1994, numerous commercial and open-source 

database search algorithms have been developed
42, 58-64

. From a simplified view, these 

algorithms perform the same basic functions - these programs take MS/MS spectra as 

input and score them against theoretical fragmentation patterns constructed from peptides 

in a database. For each query spectrum, the search algorithm will apply user-specified 

criteria (for example, mass error tolerance) to restrict the matching process to a confined 

list of candidate peptide sequences. Next, a set of expected fragment ions are calculated 

for each candidate peptide sequence and then compared against the experimental 

spectrum. A search score is then calculated for each peptide-spectrum match (i.e., a 

measure of the degree of similarity between the experimental MS/MS spectrum and the 

theoretical spectrum). There are a number of scoring schemes that have been described 

and implemented into popular searching algorithms, including correlation functions 

(SEQUEST
42

, MASCOT
58

, MyriMatch
63

, and OMSSA
64

), dot products (SpectraST
65

), 

and probabilistic fragmentation frequencies (PHENYX
62

). Although empirical evidence 

does suggest certain search algorithms outperform others, the overlap between different 

algorithms is often in the range of 70%
66

. These search scores, nevertheless, serve as a 
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primary discriminating parameter for separating correct from incorrect identifications. In 

certain proteome data sets, especially those generating low quality spectra (i.e., low mass 

accuracy instrumentation), a search algorithm can produce a peptide match for almost 

every MS/MS spectrum. Therefore, it is important to stress that a search score alone 

cannot be used as a reliable indicator for a true match. In order to discriminate true from 

false matches, methods that statistically assess peptide assignments have become a 

necessity. 

Early on, spectral matching outputs would be refined to a list of identifications 

using ad hoc decision making, often in combination with manual inspection of the 

peptide assignments. This type of approach, however, makes comparisons between data 

sets essentially impossible and more importantly, visual inspection of MS/MS spectra is 

not a viable validation process because it’s subjective and time-consuming. Therefore, 

modern proteomic studies use a more practical way to control erroneous peptide spectrum 

matches. Today, statistical approaches are used to provide a global assessment of 

confidences and estimated false discovery rates (FDRs). Pioneered by Hochberg and 

Benjamini
67

, a false discovery rate is defined as the expected proportion of incorrect 

identifications among all identifications in the data set. In MS/MS-based proteomics, the 

most commonly used and accepted method for computing the FDR is the target-decoy 

strategy
68

. Simply, the strategy requires that all experimental MS/MS spectra are 

searched against the reference protein database (target) appended with a reversed, 

shuffled, or randomized version of itself (decoy). Here, the underlying assumption is that 

false matches to sequences from the target database will follow the same search score 

distribution as matches to decoy peptide sequences. Therefore, an entire data set can be 

filtered at various search score cut-offs, and a corresponding FDR can be computed as 

2Nd/Nt, where Nd is the number of decoy peptide matches and Nt is the total number of 

matches. Once an acceptable FDR is achieved and the peptide-spectrum matches have 

been statistically validated, protein identifications can be inferred, and perhaps 

quantified, from the peptides detected. 
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1.3.3 Protein Inference 

Although bottom-up proteomics is a peptide-centric approach, the explicit goal is 

not the identification of peptides, but rather the identification of the proteins expressed in 

a cell. Therefore, every peptide sequence identified needs to be assigned to its 

corresponding protein. At present, a diverse set of computational approaches for 

assembling peptides into proteins have been developed
69-71

. In general, the process 

consists of the following steps: 1) protein sequences corresponding to each peptide are 

retrieved from the supplied database; 2) peptides are grouped by their corresponding 

protein sequences; 3) shared peptides are apportioned among all corresponding proteins. 

The plausibility of the reassembling process, however, is difficult to quantify, owing in 

part to what made bottom-up proteomics so successful (i.e., proteins were digested into 

peptides because they were easier to separate, ionize, and sequence). With the 

connectivity between peptides and proteins lost, numerous methods and philosophies 

have been proposed to define the criteria needed for calling a protein “identified” and 

still, there is no generally accepted way to do it. 

Typically, the identification of a single peptide is sufficient evidence to identify a 

protein; however, it is often not enough to discriminate between two proteins that share 

extensive sequence homology, as is the case in higher eukaryotes such as plants and 

humans
72

. Therefore, the most accepted guideline among researchers requires at least one 

distinct peptide sequences (i.e., a peptide amino acid sequence that corresponds to one 

protein and no others in the database) for a protein to be identified. Currently, 

inconsistencies in protein assembly exist because there is no generally accepted way to 

handle shared peptides: peptides whose sequences are present in more than one protein
73

. 

For example, some research groups neglect this “protein inference problem” and just 

apportion shared peptide sequences to their corresponding proteins. With this approach, 

different proteins in a database could be counted as separate protein identifications even 

if they share the same set of peptides. In this scenario, these redundancies over-estimate 

the number of proteins present and, more importantly, lead to an incorrect interpretation 

of the data. To avoid this ambiguity all together, some research groups, on the other hand, 

disregard the protein inference problem entirely by eliminating shared peptides from the 
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data set. For microbial studies, this approach may not incur any significant loss in data 

since prokaryotic organisms have very few, if any, shared peptides. However, this type of 

approach can significantly under-estimate the protein content of highly redundant 

eukaryotic data sets (i.e., shared peptides resulting from whole-genome duplications, 

protein families or alternative splicing variants comprise a large fraction of total peptide 

library)
74

. Therefore, it has become increasingly recognized that there needs to be a 

nomenclature that provides a consistent way for presenting the results from large-scale 

proteomic investigations. 

Today, the most commonly adopted nomenclature for protein classification 

couples the principles of parsimony with Occam’s razor constraint. First described by 

Yang and colleagues
71

, the approach rationally organizes the results into a minimal list of 

proteins that sufficiently explain all of the identified peptides. The nomenclature 

described classified proteins by their level of ambiguity: proteins that consist of only 

distinct peptides are classified as distinct proteins; proteins are classified as differentiable 

when they contain at least one peptide that is unique to that protein, as well as one or 

more peptides that map elsewhere in the proteome; indistinguishable proteins consist of 

only shared peptides. Since indistinguishable proteins are difficult to rationalize and 

interpret, most groups eliminate these from the data set. Presenting the results in terms of 

such minimal lists has several advantages: allows a consistent calculation of the number 

of proteins identified in the experiment and simplifies the interpretation to only those 

proteins that are conclusively determined to be present in the sample. 

With a conclusive list of proteins present in a complex sample, this information 

can be used to assemble proteome maps: that is, an inventory of proteins identified for a 

particular proteome. Over the past decade, progress in achieving maximal proteome 

coverage has been remarkable (for example, 88% proteome coverage has been achieved 

for M. mobile
75

, 81% for M. pneumoniae
76

, 54% for C. elegans
77

, 97% for S. cerevisiae
78

, 

and 48% for A. thaliana
79

). Ten years ago, a study that could identify a few hundred 

proteins was considered a monumental achievement. Today, a typical bottom-up 

experiment can readily allow the identification of thousands of proteins. For organisms, 

like bacteria - which have smaller genomes - it is feasible to identify almost 70% of the 
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proteome in a single experiment. Despite recent advancements, complete coverage of a 

proteome has not been achieved. However, this is not surprising. Generating complete 

proteome maps is a difficult task as it is unlikely the entire ensemble of proteins encoded 

by a genome will be expressed at any given time. In a cell, gene and protein expression is 

state-specific and so complete proteome coverage would require a compilation of partial 

proteome maps from many different cellular states. For moderately complex organisms 

(i.e., plants and humans), this task becomes remains challenging, slow, and expensive. 

Although the discovery of proteins has led to a better understanding of key biological 

process, current efforts are geared toward understanding a protein’s context in a 

biological system, for example measuring protein abundance as a cell responds to a 

changing environment. 

1.3.4 Protein Quantitation 

Compared to the complementary and more mature technologies of 

transcriptomics, MS-based proteomics is of central importance to the emerging systems-

level biology era. Increasingly recognized, the measurement of differential protein 

expression has become a necessity because it provides a more direct, more accurate way 

to measure global changes in cellular dynamics
80

. Therefore, quantitative proteomics 

holds significant promise for the discovery of prognostic or diagnostic cancer biomarkers, 

therapeutics studies (i.e., proteomic changes observed when a cell state is perturbed by a 

particular drug) and as a powerful platform to further our understanding of key biological 

processes. Quantitative proteomics can provide either a comprehensive measure of 

relative protein abundances (fold-change) between two or more conditions or a more 

targeted measure of the absolute quantity of a protein (average number of protein copies 

per cell)
81

. To date, the two primary ways to quantitate proteins apply either a label-free 

or stable isotope-based method. 

Historically, bottom-up proteomics has focused on maximizing the number of 

identified peptides and proteins. Apart from the qualitative information gained (i.e., 

precursor ion sequences), these discovery-based approaches simultaneously acquire 

quantitative information (i.e., relative precursor ion intensities). During data acquisition, 

peptide fragmentation events are often triggered by ion abundance levels. Consequently, 
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the number of times a peptide can be observed and subsequently sequenced is dependent 

on the width (retention time) and height (ion intensity) of its chromatographic peak. Since 

a peptide’s ESI signal has been reported to correlate linearly with an increasing 

concentration of its protein, either the peak area
82-83

 or the number of observations (i.e., 

spectral count)
84-86

 can be used for relative quantitation of proteins across various 

samples. Over the past decade, label-free approaches have been applied to 

comprehensively measure relative changes of peptide - and indirectly the associated 

proteins – for different samples. It should be stressed that, since relative changes in 

peptide signals are used for quantitative comparisons, reproducibility of the MS 

measurements is critically important. In addition, the different biological samples under 

investigation must be processed and analyzed under rigorously controlled conditions. 

Finally, significant normalization procedures are required to reduce the effects of 

experimental and technical biases. Today, label-free strategies are the ideal quantitative 

method for robust, yet comprehensive comparative analyses. 

For differential analysis between samples, another widely used quantitative 

approach, albeit more expensive and time-consuming, incorporates heavy versions of 

specific molecules into peptides, either by metabolic labeling or chemical derivatization. 

First introduced in 1998 by Langen and colleagues, metabolic labeling experiments 

“feed” cells a specific isotope media
87

. For microbes and plant species, the most common 

approach uses heavy nitrogen isotope (
15

N) for labeling. For mammals, SILAC
88

 is the 

method of choice – cells are “fed” heavy amino acids, for example a heavy amino acid 

can contain 
13

C instead of 
12

C. Both approaches are conceptually and experimentally 

similar: one sample contains heavy isotope-substituted amino acids, while another sample 

contains normal (light) amino acid residues. The labeled and unlabeled cells are mixed 

and the proteomes are extracted and measured by MS-based approaches. Since the 

incorporation of heavy isotopes into a peptide leads to an expected mass shift, each 

peptide appears as a pair in the full scan spectra: the peptide with the lower m/z value 

contains the lighter amino acids and the peptide with the higher m/z values contains the 

heavier amino acids. As a result, the ratio of the peptide ion intensities in the full scan 

spectrum directly yields the ratio of the proteins between cell populations. An advantage 
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of metabolic labeling is that the heavy and light cells are mixed prior to sample 

processing, eliminating any quantitative biases due to processing errors. A limitation of 

this approach is that it may not be amenable to cells that are difficult to grow or show 

sensitivity to media composition, as this may negatively impact the proteome. Moreover, 

another major disadvantage of these MS
1
-based quantification methods is that the 

complexity of the MS
1
 scan has been doubled, thereby reducing the sensitivity and the 

data acquisition of the analysis. Whereas metabolic labeling requires living cells, 

chemical labeling can be done on any proteome. For example, clinical samples (i.e., 

tissues or biological fluids) require chemical labeling methods. In these approaches, 

isotope-bearing “tags” are targeted toward reactive sites on a peptide or protein. Today, 

popular implementation of this approach targets cysteine residues (i.e., ICAT
89

) and 

amino groups (i.e., iTRAQ
90

 and TMT
91

). In these methods, the determination of relative 

peptide abundances is performed on reporter fragment ions measured in the MS/MS 

spectrum. Importantly, this type of approach allows up to eighteen samples to be 

compared and measured concurrently (i.e., multiplexing), thereby increasing throughput 

potential
92

. 

While these comprehensive approaches are good at measuring large changes in 

protein expression, they are less reliable for small changes. In fact, there are experimental 

trade-offs when performing comprehensiveness differential analyses versus precise 

quantitative measurements - because depth is the primary interest of differential 

proteomic investigations, the overall analytical precision is reduced in terms of the limit 

of detection and dynamic range
93

. Moreover, quantification is significantly compromised 

in complex samples, for example ionization suppression impinges on the precision of the 

measurement. As such, these approaches are often referred to as semi-quantitative 

approaches – that is, the precise determination of the concentration of peptides in the 

sample has a coefficient of variation that’s typically greater than 20%. For the absolute 

quantitation (AQUA) of proteins, quantitation is achieved via a targeted approach with 

any of the commonly used stable isotope labeling methods
94-95

. Although this strategy 

requires prior information of the targeted proteins through a discovery-based approach, 

this strategy, a targeted analysis affords higher selectivity, a lower limit of detection, and 
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a wider analytical dynamic range
80

. In contrast to relative quantitation, the approach is 

considerably more reproducible and high throughput (i.e., after the SRM assay conditions 

and parameters have been established). The typical implementation of the approach is 

single reaction monitoring (SRM) – also called multiple reaction monitoring (MRM) - 

strategies
96

. SRM exploits the unique capabilities of the triple quadrupole instrument to 

selectively record peptide fragmentation events over time for the precise quantification of 

a predefined and specific target peptide
97

. In an SRM experiment, the most critical step is 

the careful selection of target peptides for each protein of interest. For proper selection, 

the following criteria are of critical importance: the peptides must be MS compatible; it is 

essential that each peptide is unique to their respective protein; a peptide cannot be 

chemically modified (i.e., post-translational modifications); a peptide cannot contain a 

missed cleavage site. After selection, peptides are quantified using specific MS settings. 

For highly sensitive and selective quantitation, an SRM measurement filters peptides and 

their respective fragment ions using the first and third quadrupole. Here, the first 

quadrupole acts as a mass filter to specifically select the m/z values corresponding to a 

single peptide ion. The selected peptide ion then passes through the second quadrupole, 

which serves as a collision cell. Following CID fragmentation, the third quadrupole filters 

the m/z values of specific, predetermined fragment ions of the peptide. During the course 

of an experiment, several transitions (peptide ion/fragment ion pairs) are monitored over 

time, providing a record of the peptide’s signal intensity with retention time (i.e., peak 

area). Together, these coordinates yield a definitive quantitative assay for the targeted 

peptide. Since the final goal of an SRM experiment is the precise quantification of a set 

of target proteins, the peak areas of at least three peptides are acquired to quantify a 

single protein. For absolute quantitation, a known concentration of an isotopically labeled 

(heavy) peptide is introduced into the sample and measured concomitantly with the 

lighter peptide, allowing a direct comparison of the peak areas of the isotopically labeled 

peptide and the lighter peptide. In such an approach, one can readily derive accurate 

protein concentrations – even for proteins that are less than 50 copies per cell - with 

coefficient of variations less than 20%
98

. With this capability, targeted approaches will 
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remain a key technology for hypothesis driven investigations aimed at determining the 

concentrations of specific proteins
99

. 

1.4 Proteomics of a Bioenergy-relevant Organism 

1.4.1 Introduction to Bioenergy 

In recent years, increasing economic and environmental concerns - associated 

with the dependency on fossil fuels - has led to the introduction of government policies 

supporting bioenergy research
100-101

. Generally speaking, bioenergy research aims to find 

ways to extract sustainable and renewable energy (i.e., hydrogen, fuels, or electricity) 

from biological sources (i.e., biomass). Today, enormous efforts are being performed to 

improve the biological conversion of plant biomass to a sustainable energy supply – plant 

biomass is converted to biomass by breaking down the cell wall carbohydrates to simple 

sugars, which can be fermented to ethanol
102

. In particular, many aim to improve the 

production of bioethanol from a variety of feedstocks (for example, agricultural and 

forestry). At present, bioenergy is making a substantial contribution to reducing our 

dependency on gasoline – conversion of conventional starch crops, such as corn, to 

ethanol is well established and commercialized
103

. Although sugar (i.e., glucose) can be 

readily extracted from corn and converted to ethanol with existing technology, the current 

chemical energy yield is low: about one-third of the chemical energy is lost in producing 

ethanol
104

. Moreover, corn-based ethanol production has raised many environmental and 

economic concerns, such as fertilizer runoff, potent greenhouse gases, and fuel competing 

with food. While such issues can be mitigated by regulations and technical 

advancements, a major effort has begun to develop alternative feedstocks for ethanol by 

using crop residues, perennial grasses, and other forms of plant biomass that are 

collectively termed “lignocellulosics”
105

. 

The use of these non-food bioenergy feedstocks would significantly decrease the 

potential social and economic issues associated with land use. If fact, several 

lignocellulosic crops can be grown on less favorable soils and climate conditions. When 

considering the net energy output of these feedstocks, the bioenergy output per hectare is 

much larger than conventional crops for a number of reasons: lignocellulosic crops are 
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often perennials, they require fewer agronomic inputs, and a higher percentage of the 

harvested biomass can be used for ethanol production
106

. While the favorable features of 

lignocellulosic feedstocks offers prospects of low costs, improved efficiencies, and 

improved greenhouse gas emissions, current bioenergy efforts cannot take advantage of 

these feedstocks because they pose a unique set of challenges. Most importantly, this 

form of biomass presents a challenge in the accessibility to its simple sugars – 

lignocellulosic biomass cannot be readily converted to ethanol because the simple sugars 

are locked in a complex polymer composite that consists of a mixture of lignin, hemi-

cellulose and cellulosic fibers
107

. As such, the current cost involved in cellulosic ethanol 

production is not competitive with the cost of oil
108-109

. By solving the recalcitrance of 

lignocellulose, there will be a dramatic cut in costs, which will in turn allow the 

renewable source of energy to be implemented into current fuel infrastructure. To make 

bioenergy processing viable, research efforts are currently dedicated to understanding 

how plant cell-wall molecular and physical structures are synthesized, maintained, and 

deconstructed. In almost every one of these processes it is the enzymatic catalysis, 

molecular signaling, and physical interactions of proteins that reflect the biological and 

chemical activity of the cell under various conditions. By identifying the proteins 

responsible for plant cell composition - particularly those that influence carbon allocation 

and carbon partitioning – within and among plant cells, variations in lignin composition 

can then be, in theory, controlled through genetic manipulations, thereby improving the 

conversion of lignocellulosic biomass into ethanol. Toward this task, the application of 

MS-based proteomics will not only provide key insights into which proteins regulate 

lignin-specific biological processes (for example, the monolignol biosynthesis pathway), 

but also insights that can be used to infer proteins that are implicated in the emergence of 

other bioenergy-relevant phenotypes (for example, enhanced plant growth). 

1.4.2 Introduction to Populus 

With the growing interest in the utilization of high biomass producing plant 

species, the Populus genus has become a research focal point and is considered to be 

among the major potential feedstocks for biofuel production
110-111

. Although other plants 

are being considered for use, only a few – including Populus trichocarpa – have a 
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sequenced genome and a range of genetic tools that enable genome-assisted crop 

improvement. In 2006, black cottonwood (P. trichocarpa)
112

 became the first tree to have 

its genome fully sequenced and thus emerged as a model for tree genomics. Populus was 

chosen as the first tree to have its genome sequence because the genome is relatively 

compact, roughly 50 times smaller the genome of pine. Moreover, P. trichocarpa, and 

most Populus species in general, have rapid growth and reach reproductive maturity in as 

few as 4 years. The genome is of modest size, divided into 19 chromosomes, and is 

approximately four times larger than the first sequenced plant, Arabidopsis thaliana
113

. 

Analysis of the genetic organization of the genome has revealed two whole-genome 

duplication events, resulting in two-thirds of protein-coding genes sharing sequence 

similarity greater than 90%
112

. To date, the latest improved version of the poplar genome 

(v3 assembly) has 181 scaffolds that are greater than 50 kb in size, which represents 

97.3% of the genome. In total, there are 41,335 loci that become transcribed into 73,013 

protein-coding transcripts (http://www.phytozome.net/cgi-bin/gbrowse/poplar). 

The Populus genus possesses tremendous genetic and thus phenotypic diversity - 

the genetic diversity across natural populations of Populus is extensive, in which a single 

nucleotide polymorphism occurs roughly every 200 base pairs
114

. In contrast to other 

plant models such as Arabidopsis and rice, which are predominately self-fertilizing and 

consequently maintain low levels of allelic polymorphism, the Populus genus is primarily 

composed of dioecious, self-incompatible woody plants. Obligate outcrossing combined 

with wind-pollination and prolonged reproductive life generates highly heterozygous 

populations with low levels of linkage disequilibrium
115

. This type of mating system 

results in high levels of gene flow and extensive nucleotide variability within and across 

Populus. With the advent of high-throughput sequencing, it has become feasible to 

sample the natural variation across a population, thereby enabling a more complete 

understanding of how genetic variations translate to phenotypic plasticity
116

. Therefore, 

widespread association efforts are being performed to reveal not only the genes, but also 

the natural variations underlying favorable traits
116

. By identifying the set of genes (i.e., 

proteins) and polymorphisms responsible for favorable traits, not only will we gain a 

better understanding of the biological pathways underlying plant growth and plant 
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adaptation, but also a necessary knowledge that can be leveraged towards improving 

Populus as a bioenergy feedstock. 

1.4.3 Populus Research in the Systems Biology Era 

With the completion of the Populus genome in 2006, numerous “omics”-based 

experimental strategies have offered scientists the ability to comprehensively explore and 

understand the complex network of genes, transcripts, proteins, and metabolites at a 

systems-level
117

. Since the release of the genome, research endeavors have propelled our 

understanding of not only biological processes related to growth and development, but 

also tree-specific traits such as long-term perennial growth, wood formation, and 

seasonality. The major set of functional genomics tools that were immediately developed 

and made available to study Populus were DNA and transcript microarrays. Due to their 

advanced technical maturity, microarrays provided the appropriate depth to expand our 

understanding of genes regulated during wood development
118

, flower dormancy
119

, and 

the genetic signatures that facilitate plant adaptation
120

. While genomic- and 

transcriptomic-based approaches certainly have provided an undeniable value towards 

answering tree-specific questions, critical informational gaps remain. Specifically, the 

ability to obtain deep and comprehensive protein measurements is currently lacking. In 

fact, the development and application of proteomics for plant-based research is still in its 

infancy. 

So far, attempts to generate proteome data sets for Populus have failed to reach 

adequate proteome coverage. Unlike microbial proteomic measurements, which typically 

afford near complete proteome coverage, the application of MS-based proteomics to plant 

analysis has experienced slow progress. In fact, the most commonly used platform for 

plant proteomics has been two-dimensional gel electrophoresis (2-D PAGE) followed by 

protein sequencing via mass spectrometry. Although a number of plant proteomic studies 

published to date have used this platform to successfully map proteomes of various cells, 

tissues, and organs, these data sets do not constitute comprehensive assays
121-125

. More 

recently, on-line chromatographic mass spectrometry-based proteomics has dramatically 

extended the throughput and depth of protein identification in complex mixtures by 

interfacing multidimensional liquid chromatography with nano-electrospray tandem mass 
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spectrometry (2D-LC-MS/MS)
126-128

. Using this gel-free approach, bottom-up proteomics 

(analysis of proteolytic peptide mixtures) has started to provide detailed qualitative and 

quantitative observations of cellular metabolic activity for Oryza sativa, Arabidopsis, and 

Populus. Despite the progress being made, the performance features of contemporary 

methodology, technology, and bioinformatic tools used to generate the presence and 

amount of proteins have yet to provide reliable proteome coverage. 

1.5 Overview of Dissertation 

 

 The research presented in this dissertation demonstrates how specific challenges 

posed by plant biology led to the advancement of mass spectrometry-based proteomics. 

The dissertation focuses on the development and application of a high-performance mass 

spectrometry-based technique for bioenergy research, in particular focusing on Populus 

proteomics, in an effort to understand how this information might be used to enhance the 

conversion of cellulose to biofuels. This dissertation outlines the pursuit of the most 

comprehensive, most accurate survey of the Populus proteome, with the following goals: 

(1) design a bioinformatic workflow that addresses a protein inference problem with 

respect to genetic duplications, (2) develop a method to maximize protein identifications, 

and (3) develop a mass spectrometry-based method for the identification of single amino 

acid polymorphisms. Chapter 2 of this dissertation provides experimental details related 

to each sample preparation method, experimental procedures, background related to the 

mass spectrometers used as well as their configuration parameters, and details related to 

the bioinformatic methods applied. Chapter 3 demonstrates the application of a pre-

existing experimental strategy to generate a partial proteome map of Populus vascular 

tissue. In addition, Chapter 3 describes the level of intra-proteomic similarity in Populus 

and the development of a bioinformatic approach that resolves protein sequence 

redundancy. Chapter 4 describes the development of experimental procedures to 

overcome the challenges in plant cell lysis, protein extraction, and peptide sequencing. 

After addressing the bioinformatic and analytical challenges posed by Populus, Chapter 4 

also highlights the precision and comprehensiveness of the optimized experimental 

strategy. Chapter 5 discusses the genetic diversity of Populus and how to identify 
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unexpected single amino acid polymorphisms in a proteome. Chapter 6 serves as a 

conclusion of the research presented in the dissertation as well as observations of the 

current state of mass-spectrometry-based proteomics and an outlook of the future. Herein 

are presented methods used and developed to tackle the notorious complications currently 

presented to the field of proteomics. 

 

  



 

 28 

CHAPTER 2  

 

METHODS, INSTRUMENTATION, AND BIOINFORMATICS 
 

2.1 Methods 

2.1.1 Populus Cell Lysis 

In this chapter, the bottom-up proteomic experimental workflow will be outlined 

for all the research presented in this dissertation. For the research presented in Chapter 3, 

cells were obtained from clonally propagated stem cuttings of two Populus clones that 

were grown under standard cultural greenhouse conditions as previously outlined
128

. The 

two clones used were ‘WV94’, a Populus deltoides clone, and ‘717’, a P. tremula x alba 

clone. Cuttings were allowed to grow under normal conditions for six months and then 

half of the trees in each clone were subjected to tension stress by bending the stem from 

the apical meristem to the mid stem. After two weeks, xylem and phloem tissue samples 

were collected from the upper (tension) and lower (opposite) sides of bent stems as well 

as erect control (normal) stems as previously described
128

. Next, six ramets per tissue 

type per genotype were pooled together for proteomic measurements. For cell lysis, the 

plant tissue was ground under liquid nitrogen using a mortar and pestle. For each growth 

condition, a 3 gram sample of ground tissue was suspended in 15 mL lysis buffer 

containing 125 mM Tris (pH 8.5), 10% glycerol, 50 mM DTT and 1 mM EDTA
129

. The 

suspension was vortexed twice for 30 seconds each time, then sonicated (Branson 185 

sonifier, power setting of 40) on ice for three rounds of 30 seconds. Cellular debris was 

removed from the sample by centrifugation for 5 minutes at 1,200 x g, followed by 

centrifugation again for 10 minutes at 12,000 x g. 

The architecture of plant cell walls provides resistance to chemical and biological 

degradation, thus requiring mechanical and detergent-based lysis for optimal proteome 

analysis. However, this criterion poses a major challenge for plant proteomic research 

using electrospray mass spectrometry, as detergent-containing solutions can impede 

enzymatic digestion and cause significant analyte suppression.  
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Figure 2.1. Illustration of Populus tree with tensional stress. Three types of stem tissue 

were harvested: 1) Tension, 2) opposite, and 3) Normal (i.e., no gravitational stress 

applied) 
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Therefore, most plant proteomic studies are forced to employ only mechanical disruption 

(vide supra). For the research presented in Chapters 4 and 5, we developed a detergent-

based lysis approach for plant tissue in order to obtain a more comprehensive, a less 

biased proteome characterization well beyond that achievable with the pre-existing 

strategy employed in Chapter 3. For the research discussed in Chapters 4, 5, and 6, cells 

were obtained from the P. tremula x alba clone, ‘717’, which was grown under standard 

greenhouse conditions. From these trees, mature fully expanded leaf including the petiole 

and midrib (leaf plastochronic index (LPI) 10-12) and young leaf including the petiole 

and midrib (LPI 4-6) samples, fine roots less than 2 mm in diameter and young 

photosynthetically active stem segments less than 5 mm in diameter were collected. 

Harvesting tissue samples from 6 month old trees afforded little biomass and thus 

confined the experimental design to only a single biological replicate per organ type. To 

reduce the effects of biological variation, tissues across 6 individual trees were pooled 

together for each organ type. For chapter 6, cells were obtained from two P. trichocarpa 

genotypes, ‘DENA’ and ‘VNDL’, which were grown under standard greenhouse 

conditions. From these trees, young leaf including the petiole and midrib (LPI 4-6) 

samples, fine roots less than 2 mm in diameter, and young photosynthetically active stem 

segments less than 5 mm in diameter were collected. Again, tissue was harvested from 6 

individual ramets per genotype and pooled together for each sample tissue type to reduce 

the effects of biological variation. For cell lysis, leaf, root and stem tissues were each 

pulverized under liquid nitrogen using a mortar and pestle. For each biological sample, a 

1.5 gram sample of ground tissue was suspended in sodium dodecyl sulfate (SDS) lysis 

buffer (4% SDS in 100 mM of Tris-HCl), boiled for 5 minutes, sonically disrupted (40% 

amplitude, 10 seconds pulse with 10 seconds rest, 2 minutes total pulse time), and boiled 

for an additional 5 minutes. Crude protein extract was pre-cleared via centrifugation at 

4500 x g for 10 minutes. 

Following each cell lysis procedure described in this dissertation, protein 

concentrations were determined using a bicinchoninic acid (BCA) protein assay (Pierce 

Biotechnology; Rockford, IL) – this is a critical step in proteomic studies because it 
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identifies the protein concentration obtained per lysis procedure, thereby allowing one to 

standardize the amount of protein being investigated
130-131

. 

2.1.2 Protein Extraction and Precipitation    

For samples generated for Chapter 3, proteins were extracted through 

centrifugation at 100,000 x g for 1 hour, yielding a crude soluble protein fraction 

(cytosolic fraction) and a pellet (pellet fraction). Although this extraction strategy did 

provide sufficient protein recovery for downstream analysis, this approach does not take 

into consideration the molecular composition of plant tissue. In particular, plant material 

is more problematic because the cell wall contains complex storage polysaccharides, 

lipids, phenolic compounds, and a broad variety of secondary metabolites. As such, the 

prevalence of these compounds represents one of the most significant challenges 

associated with plant proteome analysis. Therefore, we implemented a protocol that 

improves protein recovery and removes contaminants via protein precipitation with 

trichloroacetic acid (TCA) and acetone. For samples generated for Chapters 4 through 6, 

lysed cell fractions were adjusted to 20% TCA, vortexed, and stored at -80° C freezer 

overnight. Precipitated proteins were pelleted by centrifugation at 21,000 g, 4° C for 15 

minutes. Supernatants were discarded and 1 mL of cold acetone (-80°C) was added to 

each pellet to remove lipids and excess SDS. To expose the entire surface area of the 

protein pellet to acetone, each sample was vortexed. Next, pellets were centrifuged at 

21,000 g, 4° C for 5 minutes. The supernatants were removed, and this process of 

washing precipitated proteins with cold acetone was repeated two more times. This 

washing process was followed by air-drying to remove the acetone and produce a dry 

pellet of proteins. 

2.1.3 Protein Digestion 

For the samples generated in Chapter 3, protein extracts were denatured and 

reduced with 6 M guanidine/10 mM dithiothreitol (DTT) for 1 hour at 60 °C. These 

denatured and reduced samples were diluted with 50 mM Tris-HCL/10 mM CaCl2 (pH 

7.6) to reduce the guanidine concentration to 1 M. Proteins were enzymatically digested 

into peptides with 1:100 (w/w) sequencing-grade trypsin (Promega; Madison, WI) at 
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37°C overnight, followed by a second addition of the same amount of trypsin and 

incubation for an additional 4 hour at 37°C. Centrifugation (3000 g for 10 minutes) was 

performed to remove any remaining cellular debris from solution. Digested peptides were 

desalted off-line using C18 solid phase extraction via SepPak Plus C18 cartridges (Waters, 

Milford, MA), eluting peptides using 100% acetonitrile (ACN). Peptide mixtures were 

concentrated using vacuum centrifugation (SpeedVac, Savant Instruments, Holbrook 

NY), bringing the final volume to ~500 μL. Peptide concentrations for each sample were 

determined using a bicinchoninic acid (BCA) protein assay. 

For samples generated for Chapters 4 through 6, each TCA/acetone precipitated 

pellet was brought up in 250 μL of 8 M urea in 100 mM Tris buffer and sonicated for 2 

minutes at 20% amplitude (5 seconds on and 10 seconds off) to fully solubilize the 

protein pellet. Next, proteins were allowed to denature at room temperature for 30 

minutes. Denatured proteins were reduced with DTT (5 mM) and cysteine residues were 

blocked with iodoacetamide (20 mM) to prevent reformation of disulfide linkages. 

Samples were enzymatically digested via two aliquots of sequencing-grade trypsin 

(Promega, 1:75 [w/w]) at two different sample dilutions, 4 M urea (overnight) and 2 M 

urea (4 hours). Following digestion, peptide mixtures were adjusted to 200 mM NaCl, 

0.1% formic acid and filtered through a 10 kDa cutoff spin column filter (Vivaspin 2, GE 

Health; Littleton, MA) to remove any remaining cellular debris as well as under-digested 

proteins. The peptide-enriched flow through was then quantified by BCA assay and 

stored at −80°C until MS analysis. 

2.1.4 Liquid Chromatography 

For all bottom-up proteomic experiments discussed in this dissertation, high-

performance liquid chromatography (HPLC) was employed to separate peptide mixtures 

prior to MS analysis. Specifically, all proteome analyses were performed using 

multidimensional protein identification technology (MudPIT). First described by Yates 

and colleagues
132

, the method couples two-dimensional - strong cation-exchange (SCX) 

resin and reversed-phase resin – liquid chromatography (LC) in a microcapillary 

chromatographic column. Using this approach, a fused silica microcapillary column (150 

µm inner-diameter and 360 µm outer-diameter; Polymicro Technologies; Phoenix, AZ) 
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was prepared by pressure-loading ~3 cm of SCX resin (Luna 5 μm particle size; 100 Å 

pore size; Phenomenex; Torrance, CA) followed by ~3 cm of C18 reversed-phase resin 

(Aqua 5 μm particle size; 125 Å pore size; Phenomenex, Torrance, CA) - for clarity, 

these columns will be referred to as back-columns. Each prepared back-column was 

washed for ~5 minutes with Solvent B [30% HPLC grade water, 70% acetonitrile (ACN), 

0.1% formic acid (FA)] and equilibrated for ~5 minutes with Solvent A [95% HPLC 

grade water, 5% ACN, 0.1% FA]. For each biological sample, volumes corresponding to 

a specified peptide concentration (25 to 100 µg) were pressure-loaded directly onto a 

back-column. After pressure-loading a sample, each back-column was washed offline for 

~45 minutes across a linear gradient from 100% Solvent A to 50% Solvent B to remove 

any salt or excess SDS. 

Next, back-columns were interfaced with a quaternary HPLC pump (Ultimate 

3000 HPLC; Dionex; Sunnyvale, CA) that supplied three buffers through a three-way 

connecting PEEK MicoTee (Upchurch Scientific; Oak Harbor, WA). The buffers used 

were: (i) Solvent A (95% HPLC grade water, 5% ACN, and 0.1% FA), Solvent B (30% 

HPLC grade water, 70% ACN, and 0.1% FA), and (iii) Solvent C (500 mM ammonium 

acetate in Solvent A). The MudPIT microcapillary plumbing system (Figure 2.2A) splits 

the flow from the HPLC to either the mass spectrometer or to waste. This design served 

two purposes: the majority of salt was directed to waste and a 300-400 nL/min flow 

directly to the nano-ESI source of the MS maintained. With this setup, back-columns 

were connected to the branching point of the MicroTee directing flow to the mass 

spectrometer. The back-column was then placed in-line with an in-house pulled 

nanospray emitter (100 µm inner-diameter and 360 µm outer-diameter) packed with 15 

cm of reversed-phase resin material – for clarity, these columns will be referred to as 

front-columns. The back-and front-columns were connected via a PEEK union and 0.5 

μm inline filter. To direct flow to waste, a small piece (~6 inches) of fused silica bridged 

the first MicroTee to a second MicroTee. On the second MicroTee, one branching point 

was attached to a gold electrode – this provided the voltage supply (1-6 kV) necessary for 

electrospray - and a second branching point was connected to fused silica that served as a 

waste-line. In addition, the length of the waste-line could be adjusted to regulate the flow-
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rate at the front-column emitter – typically, a length of ~2.5 feet would create a back 

pressure of 70-80 bar, resulting in a flow rate of approximately 400 nL/min. 

The primary strength of the MudPIT approach is the orthogonality of the two 

chromatographic phases: peptides are selectively displaced, by their isoelectric point (i.e., 

charge), from the SCX resin by controlling the salt concentration (i.e., Solvent C), and 

then peptides are separated across the reversed-phased resin based on their “stickiness” 

(i.e., determined by a peptide’s hydrophobicity) via a linear organic gradient (i.e., Solvent 

B)
133-134

. These LC separations were performed on-line by attaching the MudPIT system 

to a nanospray source (Proxeon, Denmark), which is mounted in front of the mass 

spectrometer. Due to the size and complexity of the peptide mixtures being analyzed, we 

employed a stepwise separation scheme that consisted of 11 fractionation steps, each 

lasting ~two hours (Figure 2.2A). In a single step, the conjoined back- and front- column 

were first washed with Solvent A (100%), and then a short segment of Solvent C was 

applied, followed by a long gradient of increasing Solvent B (0% to 50%). From steps 1 

to 10, the concentration of Solvent C was increased in small increments from 5%, 7.5%, 

10%, 12.5%, 15%, 17.5%, 20%, 25%, 35%, to 50%. In the last step, the separation 

scheme in step 10 is repeated, with the exception that Solvent B gradient reaches 100%. 

While peptides were being separated and eluted from the front-column, they were 

subsequently ionized via electrospray and introduced into the mass spectrometer (vide 

infra). 
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Figure 2.2. Illustration of a (A) MudPIT experimental setup and a (B) multi-step HPLC 

gradient. 
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2.2 Instrumentation 

2.2.1 Analytical Figures of Merit 

Mass spectrometer instruments typically require the following three parts: the ion 

source, the mass analyzer, and the detector. Over the past two decades, various 

technological developments and adaptations of each component have made MS one of 

the most versatile tools to characterize proteins. As such, there are many possible ways to 

ionize, analyze, and detect peptides. Although there is no single MS instrument 

configuration that is superior to all others, only a relative few types of MS 

instrumentation dominate the field of proteomics. When choosing a mass spectrometer 

instrument for a specific application, proper selection becomes a balancing act that hinges 

on the following analytical figures of merit
135

: mass resolving power (i.e., the ability to 

distinguish between ions of different m/z ratios and is obtained by calculating the full 

width at half-height of a single well-resolved peak), mass accuracy (i.e., the ratio of the 

m/z measurement error divided by the true m/z and is usually stated in terms of parts per 

million), mass range (i.e., the range of m/z ratios amenable to analyze by a given mass 

analyzer), dynamic range (i.e., a measure of the detection range of a detector and is 

calculated as the ratio of the largest to smallest detectable signal), precision (i.e., the 

reproducibility with which ion abundances can be determined), duty cycle (i.e., the 

fraction of time that the instrument is collecting data), sensitivity (i.e., the inverse of the 

ratio obtained by dividing the signal level of the largest peak in a spectrum by the signal 

level of the background at one m/z value higher or lower) , and speed (i.e., the number of 

spectra per unit time that can be collected). For example, routine peptide identifications 

are mostly performed with ion traps instruments that are very sensitive and fast, but they 

have lower resolving power. In this scenario, the relative importance of resolving power 

is not as significant as it might be for another application, such as large intact protein 

measurements. In top-down proteomics, not only is high mass resolution (>100,000) an 

absolute requirement for isotope resolution of all protein charge states, but high mass 

accuracy is also a necessity for unambiguous identifications of unmodified and modified 

proteins by database searching. As a key a focal point of experimental design, the 

performance characteristics of each instrument will be highlighted. 
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2.2.1 Ionization Sources 

At present, the most common method to generate peptide ions is via protonation 

(or deprotonation). Since peptides contain basic residues that readily accept protons, they 

are capable of forming stable cations (i.e., positively charged ions) – a single proton 

added to a peptide produces a net charge of +1. Currently, protonation of peptides is most 

commonly achieved using the electrospray ionization (ESI) process, which is considered 

well understood (Figure 2.3). The first suitable ESI-MS source was designed by Fenn and 

colleagues in the 1980s
19

. Without any voltages applied to an ion source, a droplet forms 

at the end of the front-column emitter – a small (micron-sized) droplet can contain 

thousands of peptide analytes. When a very high voltage (1-6kV) is applied to the 

emitter, the charged analytes (i.e., protonated peptides) are repelled by the high-voltage 

(of the same polarity), forcing the droplet to deform into a cone-shaped spray. First 

described by Sir Geoffrey Taylor
136

, two combating physical effects (i.e., surface tension 

and Coulomb repulsion) cause the liquid solution to form the cone-shaped (i.e., Taylor 

cone) spray at the end of the emitter. When droplets form, the surface tension force tries 

to retain a spherical shape and distribute charges across the surface to minimize the 

potential energy
137

. While the surface tension force tries to retain the spherical shape of 

the droplet, the Coulomb force of repulsion between like charges tries to break down the 

spherical shape of the droplet
138

. As droplets traverse the space between the emitter and 

the heated capillary (for orientation purposes, the heated capillary is often 1-3 cm from 

the emitter), their solvent begins to evaporate. When solvent molecules leave, the charge 

density at the surface of the droplets begins to increase. This process occurs repeatedly to 

generate smaller and smaller droplets until a droplet reaches the point (Rayleigh limit) 

where the surface tension on the charged droplet can no longer sustain the Coulomb force 

of repulsion
139

. At this point, “Coulomb explosion” occurs and forms even smaller 

droplets
140

. After the process of solvent evaporation and Coulomb explosion occur 

several times, the gas-phase charged peptide analyte is formed
141

. Once the gas-phase 

ions have been produced, the ions become attracted to the entrance of the mass 

spectrometer (i.e., the heated capillary) due to the high opposite voltage of the entrance.  
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Figure 2.3. Illustration of the electrospray ionization process. 
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As the interface between atmospheric pressure and high vacuum, the heated capillary also 

helps remove remaining traces of solvent – the heated capillary is maintained at 

temperatures between 200-275 °C. 

Overall, the entire electrospray process takes around a few micro-seconds and is 

conducive to the formation of multiply charged peptides. This is an important analytical 

advantage for MS instrumentation. Since MS measures the m/z value, this phenomenon 

makes it possible to observe very large molecules with an instrument that has a limited 

mass range – for an ion trapping instrument the mass range is typically from 150 to 2000 

m/z. Thus, a m/z value of a singly charged protein that has a molecular weight of 10 kDa 

may exceed the mass range of most instruments; however, by increasing the number of 

charges on the protein, for example to +10, the m/z ratio of the protein is decreased to a 

level that is measurable. Moreover, the presence of multiple charge states of the same 

molecule supplies multiple measurements of the same molecular species. Despite these 

advantages, ESI is not without challenges. Specifically, some analytes in a solvent 

droplet can change the efficiency of other analytes to become ionized. For example, it has 

been shown that for larger molecular ions, hydrophobic molecules have higher ionization 

efficiency than hydrophilic ones
142

. The presence of ion suppression makes it difficult to 

compare signals between different peptides - especially for lower abundant peptides 

species, where the signal-to-noise level compromises the precision and accuracy of the 

measurement. Although ion suppression cannot be completely avoided, some adjustments 

can be made to counter ion suppression, for example modifications to chromatographic 

conditions can minimize peptide co-elution. 

Currently, peptides are most commonly ionized using nano-ESI (operating at a 

flow rate of nL/minute)
143

. While conventional ESI sources produce primary charged 

droplets of 1-2 µm in diameter, the nanospray version of ionization produces smaller 

droplets that are 100-200 nm in diameter, which have several desirable analytical 

properties: nano-ESI enables longer analyte signals for analysis, better desolvation of 

ions, and less consumption of the sample mixture
144

. In addition, nano-ESI sources are 

positioned closer to the entrance of the mass analyzer, therefore ion transmission is much 

more efficient, with overall ionization efficiencies ~500 times higher than an electrospray 
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source
144

. Collectively, nano-ESI achieves higher sensitivity than the conventional 

macro-ESI sources – low-attomolar range versus femtomolar range, respectively
145

. 

Since ESI involves the continuous introduction of a liquid, it is easily coupled 

with HPLC. Hence, peptide ionization was achieved by interfacing the MudPIT platform 

with a nano-ESI source (Proxeon; Odense, Denmark). Although many solvents can be 

used in ESI, it is important to stress that ESI solvents are most effective when a volatile 

organic solvent is present and the solvent is capable of donating a proton - for this reason, 

each solvent used for HPLC consisted of 0.1% formic acid and some percentage of 

acetonitrile. Once peptides were subjected to the gas phase, they were electrostatically 

transmitted to the mass analyzer region of the mass spectrometer, where peptide ions 

were sorted and separated according to their m/z values. 

2.2.2 Analyzers and Detectors 

The second major component of the mass spectrometer is the mass analyzer, 

which is responsible for separating the different types of ions (m/z values) contained in an 

ion beam. The heart of every mass spectrometer, the mass analyzer, is a region that has 

numerous configurations. Despite the remarkably diverse types and arrangements 

available, the most common type is the ion trap mass analyzer. As discussed in Chapter 1, 

the ion trap is a tandem-in-time mass analyzer, which means that ion accumulation, 

selection, and dissociation all occurs within the same analyzer but at different times. For 

Chapter 3, the linear trapping quadrupole (LTQ) XL mass spectrometer (Thermo 

Scientific, Waltham, MA) was used for peptide sequencing. For Chapter 4 and 5, the next 

generation LTQ Velos mass spectrometer (Thermo Scientific, Waltham, MA) was used 

for peptide sequencing. For Chapter 6, the hybrid LTQ-Orbitrap Pro (Thermo Scientific, 

Waltham, MA) was employed for the sequencing of modified peptides. The schematics 

of each mass analyzer and their performance metrics are depicted in Figure 2.4. The 

performance comparisons of the mass spectrometer instruments can be seen in Table 2.1. 

In general, the single linear ion trap (LIT) mass analyzers are two-dimensional 

rectangular ion storage devices, composed of an array of four rods with a space down the 

central axis
146-147

. Ion motion through the central axis in the quadrupolar arrangement is 

established by manipulating the electrical surfaces of the rods. 
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Figure 2.4. Schematics of the (A) LTQ XL mass spectrometer, (B) LTQ Velos mass 

spectrometer, and (C) the LTQ-Orbitrap Pro mass spectrometer. These illustrations were 

from the previous schematics
148-150

. 
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Table 2.1. Performance metrics of instrumentation. 

 

 

 

* The dynamic range reported is the order of magnitude of the ratio between the highest 

and least abundant ion signal. The relative data acquisition speed represents the number 

of scans collected per second at a specific mass resolution. The speeds are the following: 

~2 scans/second (LTQ XL; resolution = 2000), ~4 scans/second (LTQ Velos; resolution 

= 4000), and ~3.5 scans/second (LTQ-Orbitrap Pro; resolution = 30,000). 
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Within an ion trap, ions are confined radially (x- and y-direction) by a two-dimensional 

radio frequency (RF) potential and axially (z-direction) by a direct current (DC) potential 

applied to the front and back end caps (electrodes), controlling the longitudinal trajectory 

of ions. In addition, a constant DC voltage and a supplemental alternating current (AC) 

voltage are applied to the rods to regulate the axial trapping and radial excitation, 

respectively. Together, this creates a harmonic electrostatic field that can be altered for 

ion trapping, manipulation of ion trajectories, and m/z-selective ion ejection. The stability 

of an ion inside an ion trap can be defined by the Mathieu equations: 

                                  ax = -ay = (4eU) / (m
2
r0

2
)                             Equation 2.2.2.1 

                                 qx = -qy = (4zeV) / (m
2
r0

2
)                              Equation 2.2.2.2 

where the a variable is related to the DC voltage, q is related to RF voltage, e is charge 

state of the ion, U is the amplitude of the DC voltage, V is the amplitude of the RF 

voltage, m is the mass of the ion, and r0 is the distance from the z-axis. Examination of 

these equations shows that stable ion trajectory (i.e., the ion follows a trajectory that 

avoids collisions with the surfaces of the trap) is a function of both mass and charge
151

. 

By solving the a and q parameters, the stable x-z and y-z ion trajectories can be 

computed. These mathematical transformations can be summarized by the stability 

diagram illustrated in Figure2.5. Here, the six-dimensional problem is reduced to a two-

dimensional plot. In order to trap ions, there must be quadrupolar stability in both 

dimensions. This is achieved by applying a constant DC voltage (axial trapping field), 

where a = 0, and applying a low auxiliary AC and RF voltages (radial trapping field). 

Under this scenario, ions map to the x-axis of the stability diagram – the x-coordinate of 

the ion is dictated by the m/z of the ion, where the ions are positioned left to right from 

the heaviest to the lightest, respectively. As explained in Equation 2.2.2.2, the mass of an 

ion is inversely proportional to q; therefore, by increasing the RF magnitude from low to 

high, ions of increasing mass will sequentially take on unstable trajectories in the radial 

dimension. The ability to “scan out” ions by mass provides a way for linear ion traps to 

selectively isolate, activate, and eject ions to the detector – where the ejected ions are 

converted to an electronic signal (i.e., a mass spectrum). 
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Figure 2.5. Illustration of the quadrupolar stability diagram.. Depending on the various a 

(y-coordinate) and q (x-coordinate) values, the ions can be (A) trapped or (B) ejected 

from the analyzer. The blue region represents an ion m/z value that has stability in the 

axial dimension of the trap and the red region represents stability in the radial dimension 

of the trap. The green region represents a region where ion m/z values have stability in 

the axial and radial dimension. These illustrations were adapted from a previous figure
152

. 
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The most widely used LIT detection system consists of a continuous-dynode 

electron multiplier (i.e., channeltron), and an electrometer
152

. After positively charged 

ions are ejected from the sides of the LIT analyzers, they are accelerated to a high 

velocity by holding the conversion dynode at a relatively high negative potential – this is 

done to improve detection efficiency. As these ions strike the curved surface of the 

dynode cup, the impact yields the emission of several electrons. These electrons pass 

further into the electron multiplier, again striking the wall. This snowball effect is 

repeated multiple times, amplifying the initial signal by producing more and more 

electrons
153

. At the exit of the detector, the ion current is measured and converted into a 

voltage via the electrometer and converted to an intensity value (the y-axis on a mass 

spectrum). 

 Recently, the innovative dual-pressure linear ion trap mass spectrometer (LTQ 

Velos)
150

 was developed to provide improvements in acquisition speed, sensitivity, and 

ion isolation and fragmentation. Rather than using only a single ion trap, the dual-

pressure LIT system consists of two trapping devices separated by a single aperture lens 

to allow differential pumping between the traps. Relative to the LTQ XL, the first trap is 

held at a higher pressure (~5 10
-3

 Torr), providing improvements to ion trapping, ion 

isolation, and ion fragmentation efficiencies. The second trap, which is used to scan out 

ions for detection, is held at a lower pressure (~5 10
-4

 Torr), which increases the 

acquisition speed and reduces fragmentation while ions are being ejected from the trap. 

This type of sensitivity, dynamic range, and data acquisition speed becomes critical for 

the analyses of complex mixtures, such as Populus. 

In contrast to the linear ion trap mass analyzers, the Orbitrap mass analyzer
154

 is 

used as part of a tandem-in-space mass spectrometer that has a LIT upstream. Unlike the 

LIT analyzers, there is no RF to hold ions. Instead, moving ions are trapped in a constant 

electric field that is established by two opposing electrodes - the analyzer consists of an 

inner axial (spindle-shaped) electrode and an outer coaxial (barrel-shaped) electrode
155

. 

When ions are injected into the Orbitrap, the ions become attracted to the inner electrode 

through electrostatic attractions. The ions begin follow a circular orbit (hence, the name) 

because the electrostatic attraction towards the inner electrode is compensated by a 
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centrifugal force that arises from the initial velocity of ions. While the ions oscillate 

around the spindle, they also traverse the z-axis (i.e. longitudinal direction). The ion 

motion in the z-direction can be described as a harmonic oscillator and the m/z ratio of 

the ions is simply related to the frequency of the oscillation along the z-axis: 

                                              ω = [(z/m)k]1/2                                     Equation 2.2.2.3 

where ω is the frequency of axial oscillation, z is the ion’s charge, m is the ion’s mass, 

and k is field curvature. For the Orbitrap analyzer, ion detection is performed by 

broadband image current detection, followed by a fast Fourier transform algorithm to 

convert each time-domain signal into their respective m/z signals. Such measurements 

achieve very high resolution (~400k) - similar to those achievable by FT-ICR instruments 

- and surpass the resolution obtainable by the ion trap instruments
156

. Due to the high 

resolving power, the Orbitrap can achieve highly accurate mass measurements (<1 part 

per million). The level of resolving power and mass accuracy becomes critical for the 

analyses of protein or peptide modifications, where a high level of discrimination power 

is required. 

2.2.4 Data-dependent Acquisition 

In a conventional LC-MS/MS experiment, thousands of peptide species are co-

eluting at any given time, especially for complex proteomes such as plants. Therefore, in 

any given MS
1
 (full scan) there will be thousands of m/z ratios at varying signal 

intensities. Despite advancements in mass spectrometer instrumentation, the number of 

ions surveyed in a single full scan significantly exceeds current duty cycle (i.e., the 

fraction of time that the instrument is collecting data) capabilities
157

. Since the primary 

goal of bottom-up proteomics is to identify as many peptides as possible in LC-MS/MS 

runs, a sophisticated sampling strategy is required to maximize the sequencing efficiency 

of the mass analyzer. Today, the most commonly used strategy applies a data-dependent 

acquisition (DDA) method, which uses information collected in each full scan (MS
1
) to 

selectively trigger the subsequent MS/MS experiment
158

. In particular, the mass 

spectrometer schedules peptide fragmentation events based on the peptide mass and 

intensity information from each full scan (MS1). In addition, the mass spectrometer 
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measurements vary from scan to scan based on the information acquired in previous 

scans. 

The most widely used DDA scheme is a “topN” method in which each full MS 

scan is followed by up to N precursor isolation and fragmentation events
159

. To select a 

precursor for fragmentation, the software controlling the instrument sorts the precursor 

ions detected in each MS scan by intensity and then applies user-specified criteria such as 

minimum signal intensity, charge state, and dynamic exclusion (i.e., the avoidance of 

already fragmented precursors). Although all these parameters can affect data quality, 

dynamic exclusion is the most important for complex mixtures
160-161

. When dynamic 

exclusion is not enabled, the mass spectrometer continuously samples the top N ions. As 

a result, the mass spectrometer only samples the high abundance ions that dominate a full 

scan. Obviously, this would severely limit the depth of the proteome measurement. On 

the other hand, when dynamic exclusion is applied, the mass spectrometer will not repeat 

fragmentation on the same precursor ion. Once a precursor has been fragmented, it is put 

onto a dynamic exclusion list so that the mass spectrometer can trigger MS/MS events on 

other, usually less abundant, ions in each full scan. Therefore, both high- and low-

abundance co-eluting peptides have a chance to undergo fragmentation. 

For the research presented in Chapter 3, mass spectra were collected in a data-

dependent “top5” mode: minimum precursor ions signal intensity of 1000, CID (35% 

energy) was used for fragmentation, and dynamic exclusion was enabled (max exclusion 

list size of 100 m/z values, an exclusion mass width of 1.5 Da, a repeat count of 1, and 

exclusion duration of 3 minutes). For the research presented in Chapter 4 and 5, mass 

spectra were collected in a data-dependent “top10” mode: a minimum precursor ion 

signal intensity of 1000, CID (35% energy) was used for fragmentation, and dynamic 

exclusion was enabled (max exclusion list size of 500 m/z values, an exclusion mass 

width of 1.5 Da, a repeat count of 1, and exclusion duration of 60 seconds). For Chapter 

6, mass spectra were acquired in a data-dependent “top20” mode: a minimum precursor 

ion signal intensity of 1000, CID (35% energy) or HCD (40%) was used for 

fragmentation, and dynamic exclusion was enabled (max exclusion list size of 500 m/z 

values, an exclusion mass width of 0.2 Da, a repeat count of 1, and exclusion duration of 
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60 seconds). It is important to highlight that each DDA method was adapted to account 

for increases in instrument performance metrics. 

2.3 Bioinformatics 

2.3.1 Peptide Sequencing 

Once MS data was collected, the MS/MS spectra were analyzed by database 

searching algorithms to automatically match experimental spectra to peptide sequences in 

a protein sequence database. For Chapter 3 and 4 measurements, the output files (Thermo 

.RAW) were searched with the SEQUEST database algorithm
42

. In brief, the algorithm 

performs four major steps: spectrum preprocessing, searching, preliminary scoring, and 

cross-correlation analysis. In the first step, each MS/MS spectrum is preprocessed by 

removing all but the top two hundred most abundant m/z values, and thereby removes 

noise peaks to improve the overall search performance and accuracy. Next, the algorithm 

searches each spectrum against peptide sequences (protease specific) from the user-

supplied database of protein sequences. During the searching process, candidate peptide 

sequences are culled from the database by applying a few simple filters. The first filter 

used in identifying plausible sequence matches is the precursor ion mass (within a user-

specified mass tolerance). The choice of precursor mass tolerance is dependent on the 

mass accuracy of the instrument used to acquire the data. Therefore, high mass accuracy 

instruments can enforce a more stringent mass tolerance to restrict the number of 

candidate peptide sequences being compared to each spectrum, and thus improving the 

overall quality of the data set. On the other hand, if the mass tolerance filter was too 

widely defined, the predicted peaks have a higher chance of matching to random peaks in 

the spectrum. In this scenario, the peak matching process is more likely going to generate 

false positive matches. Once a set of candidate sequences have been defined, each 

peptide sequence is then converted into a virtual spectrum (i.e., a list of predicted m/z 

values for fragment ions) and scored. During the scoring step, three factors are combined 

to produce a preliminary score: i) the summed intensity of matched ions is determined, ii) 

the continuity of each sequence is evaluated (additional scoring weight is given for 

successive fragment ions), and iii) the percentage of ions found versus those expected is 
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calculated. Using the preliminary score as a filter, a cross-correlation score is computed 

for the top five hundred candidate peptide sequences. The cross-correlation (XCorr) score 

represents an average of differences between the m/z values in the observed and virtual 

spectrum. As part of the cross correlation analysis, an additional score (DeltCn), is 

calculated to measure the scoring difference between the lowest ranked peptide scores 

and the XCorr value of the best match. That is, this score provides an indication of how 

well SEQUEST could distinguish the top peptide-spectrum match (PSM) compared to the 

second-best PSM. For example, a high DeltCn of the second ranked PSM means that 

there is a high likelihood that the top ranked match is correct. 

For Chapter 3 database searching, experimental MS/MS spectra were compared to 

theoretical tryptic peptide sequences generated from a database containing (1) the protein 

database of P. trichocarpa (v2.0; 45,778 proteins), (2) predicted small proteins (20,565; 

10–200 amino acids in length), and (3) common contaminant proteins (i.e., bovine trypsin 

and human keratin). A decoy database, consisting of the reversed sequences of the target 

database, was appended in order to determine the false-discovery rate (FDR) for protein 

identifications. Using this protein database, peptide fragmentation spectra (MS/MS) were 

assigned peptide sequences with the SEQUEST algorithm v.27, employing the following 

parameters: ≤ 4 missed tryptic cleavages allowed, precursor ion mass tolerance of 3.0 m/z 

units, fragment mass tolerance of 0.5 m/z units. For Chapters 4 and 5 database searching, 

experimental MS/MS spectra were compared to theoretical tryptic peptide sequences 

generated from a FASTA database containing (1) the full protein complement of P. 

trichocarpa (v2.2, released in 2011; containing 45,778 proteins), (2) mitochondria and 

chloroplast proteins, and (3) common contaminant proteins (i.e., bovine trypsin and 

human keratin). A decoy database, consisting of the reversed sequences of the target 

database, was appended in order to discern the false-discovery rate (FDR) at the peptide 

level. Using this protein database, peptide fragmentation spectra (MS/MS) were assigned 

peptide sequences with the SEQUEST algorithm v.27, employing the following 

parameters: ≤ 4 missed tryptic cleavages allowed, a parent ion mass tolerance of 3.0 m/z 

units, a fragment mass tolerance of 0.5 m/z units, and a static modification on cysteine 

(iodoacetamide; +57 Da). 
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For Chapter 6, the output files (Thermo .RAW) were searched with two different 

algorithms: MyriMatch
63

 and TagRecon
162

. For traditional database searching, the 

MyriMatch algorithm was employed. The entire process has three major steps: spectrum 

preprocessing, searching, and scoring. Similar to SEQUEST, the MyriMatch algorithm 

attempts to simplify each MS/MS spectrum by removing noise peaks; however, whereas 

SEQUEST arbitrarily chooses a number of ions to retain, MyriMatch has a tunable 

preprocessing step that ranks the ions by their intensity and retains only the top N% of 

ions in each scan, where N is by default 98. Similar to SEQUEST, the algorithm searches 

each spectrum against peptide sequences (protease specific) from the user-supplied 

database of protein sequences, using the m/z tolerance to generate candidate peptides. 

Using basic fragmentation rules, a virtual spectrum is created for each candidate peptide 

sequence, listing m/z positions at which it expects to observe fragment ions. In contrast to 

SEQUEST, MyriMatch uses a sophisticated scoring system that is statistically derived, 

making it more interpretable. For each experimental spectrum, the software examines 

each m/z location and computes two probabilistic scores: an intensity-based MVH score 

and a mass error-based mzFidelity score. To compute the MVH score, peaks in the 

experimental spectra are first separated into three intensity classes (high, medium, and 

low). Importantly, these classes differ in the number of peaks they hold: the highest-

intensity class will be sparsely populated and the low-intensity class will be more 

populous. For each predicted m/z value, the corresponding location in the experimental 

spectrum is tested to determine whether or not a peak match occurs, and if so, what 

intensity class it falls in. To compute the probability of whether or not this match occurs 

by random chance, MyriMatch employs a multivariate hypergeometric (MVH) 

distribution. Since the high-intensity class contains very few peaks, matching a peak to 

this lightly populated class will contribute more to the peptide score because it is highly 

unlikely to occur solely by chance. To compute the mzFidelity score, a similar 

distribution is created. Rather than using intensity, the fragment mass error distribution is 

determined to compute the probability of a fragment peak matching by random chance 

within three difference classes. In general, fragment ion peaks are rewarded for their 

proximity to their predicted m/z value. After both scores are calculated for each candidate 
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sequence, the algorithm uses the MVH scores to rank the candidate sequences and, when 

needed, the mzFidelity score serves as a tie-breaker. Finally, an Xcorr value is computed 

to independently validate the best PSM ranked by the MVH score. 

For Chapter 4 and 5 database searching, experimental MS/MS spectra were 

compared to theoretical tryptic peptide sequences generated from a FASTA database 

containing (1) the full protein complement of P. trichocarpa (v3, released in 

2012;73,013), (2) mitochondria and chloroplast proteins, and (3) common contaminant 

proteins (i.e., bovine trypsin, human keratin, etc.). A decoy database, consisting of the 

reversed sequences of the target database, was appended in order to discern the false-

discovery rate (FDR) at the peptide level. For standard database searching, the peptide 

fragmentation spectra (MS/MS) were searched with MyriMatch algorithm v2.1, 

employing the following parameters: infinity tryptic cleavages allowed, an average parent 

ion mass tolerance of 1.5 m/z units or a monoisotopic precursor mass tolerance of 10 ppm 

(only when isotopic resolution was obtained), an average fragment mass tolerance of 0.5 

m/z units, a total ion current cutoff percentage of 98, a static modification on cysteine 

(+57 Da), and an N-terminal dynamic modification of +43 Da (carbamylation). For the 

directed searches, MyriMatch was configured to consider a dynamic modification 

corresponding to an oxidation (+16 Da) on either a methionine or alanine. 

For Chapter 6, the TagRecon search algorithm was employed for a peptide 

sequence tagging method. The TagRecon algorithm requires three types of inputs: MS 

output files (Thermo .RAW), a protein sequence database, and inferred sequence tags 

from the output files of the DirecTag algorithm
57

. The DirecTag software uses three 

major steps: spectrum preprocessing, tag enumeration, and scoring. For preprocessing, 

the software simplifies each MS/MS spectrum by consolidating isotopic fragment ion 

packets. Next, DirecTag retains a user-defined number of peaks (100 peaks by default) 

for each spectrum, filtering out those of low-intensity. Using the remaining peaks, the 

software identifies pairs of peaks that are separated by amino acid masses. As such, each 

spectrum represents a graph, where the peaks are represented by nodes and amino acid 

gaps by edges. To infer sequence tags, a set of nodes that are joined by consecutive edges 

constitutes a tag. Once all possible tags (of a user-defined length) have been enumerated, 
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each tag is subjected to scoring. For each tag, the software creates three probabilistic 

scores: an intensity-based score, mzFidelity score, and a complimentary score. First, the 

peaks that constitute a tag are evaluated on the basis of their peak intensities. Rather than 

using an MVH score, DirecTag evaluates the intensity by computed a rank sum. For 

example, if a tag includes the 1
st
, 2

nd
, 3

rd
, and 4

th
 most intense peaks, the rank sum is 10. 

This metric is then converted to a p-value. Next, similar to SEQUEST and MyriMatch, 

mzFidelity of the m/z spacing is computed for each tag. Since complementary b- and y- 

fragment ions (yi= L+1–bi; where i is the position of the b-ion, and L is the length of the 

peptide) increase the confidence in peak matching, DirecTag assesses the number and 

agreement between complimentary ions and then uses information to calculate a p-value. 

In the last step, DirecTag employs Fisher’s method to combine all three p-values and then 

uses this joint value to rank all of the tags for each spectrum. 

With a sequence tag identified for each MS/MS spectrum, TagRecon processes 

the information and performs two steps: searching and scoring. Similar to other database 

search algorithms, TagRecon compares the experimental spectra to virtual spectra created 

by a user-supplied protein database. Unlike other searching algorithms, a small sequence 

tag is already available to cull potential candidate sequences from the database. When 

TagRecon detects that a small sequence tag matches a peptide sequence, the software 

compares the flanking regions of both the experimental and theoretical spectrum to 

determine whether the m/z values match within a user-defined mass error. If either of the 

flanking regions matches, then the candidate sequence may be used to explain the 

remaining spectrum. Importantly, the algorithm can be parameterized to allow for one 

mismatch to occur during the mass matching step. If a mismatch occurs, the software 

computes the difference and explains away the mass shift as either an unexpected 

mutation or post-translational modification. Similar to MyriMatch, for each MS/MS 

spectrum, TagRecon computes three scores: MVH, mzFidelity, and XCorr.  

For the peptide sequence tagging searches in Chapter 6, DirecTag generated 

partial sequence tags (tag length = 3) from MS/MS spectra for each output file (Thermo 

.RAW). DirecTag searches were configured with the following parameters: precursor ion 

mass tolerance of 0.01 m/z units, fragment ion mass tolerance of 0.5 m/z units, 
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complementary ion mass tolerance of 0.5 m/z units, a total ion current cutoff percentage 

of 98, a max tag score of 20, and a max tag count of 50. For each spectrum, TagRecon 

reconciled the inferred sequence tags against a subset protein database (i.e., proteins 

identified by the MyriMatch database search) while making allowances for one 

unanticipated mass shift. TagRecon was configured (mutation mode) to consider mass 

shifts corresponding to amino acid substitutions using the BLOSUM62 matrix. In 

addition to mutations, TagRecon was configured to consider the following modifications: 

infinity tryptic cleavages allowed, precursor ion mass tolerance of 0.01 m/z units, 

fragment ion mass tolerance of 0.5 m/z units, a total ion current cutoff percentage of 98, a 

static modification on cysteine (+57 Da) and an N-terminal dynamic modification of +43 

Da. 

2.3.2 Protein Inference 

 After SEQUEST, MyriMatch, and TagRecon database searches were performed, 

the confident peptide identifications needed to be filtered and assembled into the context 

of protein identifications. For SEQUEST searches, the DTASelect software
163

 was used 

to apply multiple layers of filtering to the search results and to assemble proteins. In 

general, the software functions in three phases: summarization, evaluation, and reporting. 

The first step is to extract and summarize the most important information (i.e., scores and 

peptide positions in proteins) from each SEQUEST peptide spectrum match. Next, 

identifications are evaluated by applying used-defined criteria to each peptide spectrum 

match. If a match passes all the specified criteria, then that peptide sequence is processed 

at a higher level. Once all confident peptide sequences have been acquired and mapped to 

their respective proteins, only proteins with a user-specified number of peptides are 

retained. In the final step, a DTASelect file is created to report all of the proteins, 

peptides, and PSMs that passed all of the specified criteria. For Chapters 3, 4 and 5, 

resulting peptide identifications from SEQUEST were filtered and organized into protein 

identifications using DTASelect version 1.9. Each peptide identification required Xcorr 

values of at least 1.8 (+1 charge state), 2.5 (+2 charge state), or 3.5 (+3 charge state) and 

a DeltCn ≥0.08, and only proteins with two peptides sequences were retained. 
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 For MyriMatch and TagRecon searches, the IDPicker software
164

 was employed 

to refine search results and assemble peptides into proteins. Unlike DTASelect, IDPicker 

was not built to rely on peptide identification score thresholds. Instead, the software relies 

on a PSM- and protein-level FDR to control the quality of the peptide and protein 

identifications, and thus employs a dynamic threshold. The latest version of IDPicker 

(v3) incorporated 3 modules: PSM-level FDR calculation (IDPqonvert), protein assembly 

and filtering (IDPassemble), and reporting (IDPreportFDR). In the first step, the software 

extracts peptide, sequence, scan, and scoring information from MyriMatch output files. 

Next, the software determines identification score thresholds that correspond to a user-

specified FDR cutoff. In the protein assembly step, the IDPicker assembles peptides into 

proteins and applies user-defined protein-level filters – this includes minimum spectra per 

peptide, minimum spectra per match, maximum protein groups, maximum distinct 

peptides, minimum additional peptides, and minimum spectra per protein. In the context 

of IDPicker, a “distinct peptide” is a peptide that is not only unique to the database, but 

that also has a unique mass. In other words, charge states and modifications to unique 

sequences increase the number of distinct peptides. In addition, the “additional peptides” 

criteria can be applied to enforce parsimony – that is, IDPicker will create a list of protein 

groups, which provides a minimal list of proteins that sufficiently explain all of the 

identified peptides. For Chapter 6, resulting peptide identifications from MyriMatch and 

TagRecon were filtered and organized into protein identifications using IDPicker version 

3. IDPicker filtered the resulting peptide-spectrum matches (PSMs) from all searches at a 

2% FDR. While search algorithms rigorously assess the statistical significance of each 

PSM, high-throughput validation of modified peptides remains an open problem. In this 

study, we applied tested attestation principles for validating modified peptides in a 

complex mixture
165

. To obtain a data set of the highest quality, we enforced the following 

filtering guidelines: (1) mutated peptides were removed if they mapped to a contaminant 

protein, (2) mutations of lysine or arginine residues cannot occur at trypsin cut sites, (3) if 

a spectrum matched to a mutated peptide (TagRecon) as well as a non-mutant 

(MyriMatch) peptide, the mutated PSM must improve upon the score of the unmodified 

PSM by 10%, (4) a distinct mutated peptide sequence must match to at least 3 different 
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spectra, and (5) mutations that can also be explained as common sampling processing 

artifacts were removed: these included the deamidation (+1 Da) of asparagine or 

glutamine, dehydration (-18 Da) of aspartate and glutamate, formylation (+28 Da) of 

threonine or serine, and the oxidation of methionine (+16 Da). Only peptides passing the 

FDR threshold and the above guidelines were considered for further analysis. Lastly, only 

protein identifications with at least two distinct peptide identifications were considered 

for further analysis. 

 Once proteins have been identified by at least two peptides, they were categorized 

by their level of uniqueness to the database using the principles of parsimony with 

Occam’s razor constraints – that is, each protein was classified by its level of ambiguity. 

As previously discussed, proteins are rationally organized using the following 

nomenclature: proteins that consist of only distinct peptide identifications were classified 

as distinct proteins. Proteins were classified as differentiable when they contain at least 

one peptide that is unique to that locus, as well as one or more peptides that map 

elsewhere in the proteome. The indistinguishable proteins consisted of measured non-

unique peptides that map elsewhere in the data set. 

2.3.3 Creation of Protein Groups 

Although a protein-level classification system provides a highly accurate and 

readily interpretable protein summary report for microbial proteomes, strict 

implementation of the Occam’s razor approach can be misleading when applied to higher 

eukaryotic organisms. The current limitation of this approach for eukaryotic organisms is 

that the number of confident protein identifications (i.e., proteins with at least one distinct 

peptide) is severely reduced because of the prevalence of shared peptides. As a property 

of evolution, genetic redundancy is rampant across the eukaryotic kingdom. In fact, many 

eukaryotic organism genomes have been duplicated more than once in their evolutionary 

past. As a result, the majority of genetic redundancy observed is between gene 

homologues. Immediately after gene duplication, these genes (i.e., proteins) are believed 

to be functionally redundant. It is generally assumed that one of the redundant genes is 

initially free of all selective pressure, allowing the gene to acquire advantageous (i.e., 
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neofunctionalization) that may lead to a new function. Consequently, the function of 

some duplicated genes may only be partially redundant.  

Since genes (i.e., proteins) with extensive sequence similarity have a high 

likelihood of performing similar biological roles in a cell, they can be collapsed together 

by sequence homology algorithms. By grouping homologous proteins together, this 

consolidates indistinguishable proteins into a meaningful report, while preserving 

biological information. The research presented in this dissertation has demonstrated that 

this provides a means to alleviate the majority of ambiguity associated with shared 

peptides. Similar to a peptide being unique to a protein within the database, many shared 

peptides are found to be unique to a particular protein group. Although in some cases it 

may not be clear as to which member of a protein group is actually present in a given 

sample, the identification of peptides belonging to a particular protein group likely 

indicates the presence of a shared functional process, especially considering the relatively 

stringent similarity cut-off (90%) that’s commonly applied. Despite sacrificing some 

level of protein resolution, this approach accurately resolves protein ambiguity as a result 

genetic redundancy 

 For Chapters 3 through 6, P. trichocarpa database proteins sharing extensive 

sequence homology were assigned to protein groups using a freely-available software 

package, USEARCH v5.0
166

. Proteins that shared more than 90% of their sequence with 

another protein in the database were clustered by pairwise sequence comparisons using 

the UCLUST program (similarity threshold of 0.9). A similarity threshold of 0.9 was 

chosen to reflect the level of intraproteomic similarity in the Populus proteome: two 

genome-wide duplication events have increased the level of redundancy, in which nearly 

two-thirds of the protein-coding genes share sequence similarity (>90%)
112

. Protein 

groups are defined by the longest protein sequence, the seed, which shares ≥90% 

sequence identity to each protein in that cluster. All groups were manually verified to 

ensure that obvious redundancies, such as alternatively spliced variants, remained 

together. Identified peptides that were distinct to a particular protein group were marked 

as protein-group unique, meaning these peptides did not belong to another group of 

proteins. All peptides that were originally database-unique were necessarily protein 
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group-unique, but grouping peptides from homologous proteins allowed shared peptides 

to be considered distinct if they belonged to only one protein group identification (i.e., a 

protein-group unique peptide. 

2.3.4 Protein Quantitation 

 For semi-relative quantitation measurements, protein abundances were measured 

by spectral counting. As described previously (vide supra), spectra counts (SpC) are 

defined as the number of times a peptide was observed in a given chromatographic 

experiment. Therefore, the number of observations of a protein’s constituent peptides can 

be used to compare a protein’s relative abundance between two samples
167

. Any 

increase/decrease in that protein’s summed SpC between samples can be interpreted as a 

relative change in abundance; however, changes in relative protein abundances can also 

stem from systematic errors in experimentation and/or instrumentation. Ideally, when 

comparing protein abundance differences between two proteomes, every protein and 

peptide should experience the same variability. While certain steps are taken to minimize 

variability, the physiochemical properties that make proteins and peptides so functionally 

different are also the source of experimental biases. Clearly, proteins can vary in length 

and amino acid composition and, as such, they will likely generate not only a different 

number of peptides, but also a different set of peptides for sequencing. Therefore, spectral 

counting is only a powerful method when comparing protein A in proteome 1 and 

proteome 2. In this scenario, it’s safe to assume that this protein will have the same 

experimental biases (protein solubility, enzymatic digestion potential, etc.) as well as 

instrumental biases (ionization efficiency, retention time, fragmentation patterns, etc.) in 

the two conditions. As a result, if peptides for a particular protein decrease in SpC 

abundance between conditions, it is acceptable to assume the protein has decreased in 

abundance
168

. It is also important to stress that one cannot assume that a protein’s low 

SpC always reflects low abundance in the sample; its peptides may just be poorly 

retained by the LC separation or not MS compatible. 

 Although variability cannot be completely eliminated, it can be measured, and 

reduced to a certain degree. By maintaining proper quality control during sample 

preparation and MS analysis, only a small degree of variation should be expected. To 
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identify and gauge the degree of biological or technical variation, it is best to include 

biological replicates and technical replicates for each analysis. Since there are 

recognizable sources of variability, normalization approaches are commonly applied to 

improve the agreement between peptide ratios observed across instrument runs. The most 

common method converts SpC values for each protein into a normalized spectra 

abundance factors (NSAFs)
169

. In brief, this method is based on the total spectral counts 

reported (normalize for run to run variation) and the size of a protein (normalizes by 

protein length because larger proteins contribute more peptides/spectra). Therefore, the 

NSAF is calculated as the number of SpCs identifying a protein, divided by the protein’s 

length, divided by the sum of SpC/L for all proteins in the experiment. 

 For this dissertation, NSAF values were calculated for each protein group 

identified by normalizing the sum of the total spectral counts for each peptide belonging 

to a protein group. For peptides belonging to multiple protein groups, the spectral counts 

were recalculated based on the proportion of uniquely identified peptides between the 

protein groups sharing the peptide in question. While NSAF values typically account for 

biases resulting from protein length, here NSAF values were calculated for each protein 

group by using the length of the seed sequence. Adjusted NSAF (nSpC) values were 

calculated for each protein group
86, 170

. 
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CHAPTER 3 

 

DEFINING THE BOUNDARIES OF FUNCTIONAL GENOME 

EXPRESSION IN POPULUS USING BOTTOM-UP PROTEOMICS 
 

All of the data presented below has been adapted from the following published journal 

article: 

 

Paul Abraham, Rachel Adams, Richard Giannone, Udaya Kalluri, Priya Ranjan, Brian 

Erickson, Manesh Shah, Gerald Tuskan, Robert Hettich. “Defining the Boundaries and 

Characterizing the Landscape of Functional Genome Expression in Vascular Tissues of 

Populus using Shotgun Proteomics”. Journal of Proteome Research 2012 11(1): 449-460. 

Sample preparation and mass spectrometry experiments were performed by Paul 

Abraham. The bioinformatic workflow for protein grouping was developed by Paul 

Abraham, Rachel Adams, and Richard Giannone. The in-house scripts for protein 

grouping were created by Rachel Adams. Biological data analysis was performed by Paul 

Abraham. 

3.1 Introduction to Populus Proteomics 

 

The advent of high-throughput DNA sequencing has revolutionized the assembly 

of high-quality genomes for prokaryotes and eukaryotes such as plants and humans
171

. 

The release of reference genomes (http://www.phytozome.net) has paved the way for 

“omics”-based research, which has focused on the identities and functions of the suites of 

genes and proteins that are important for plant growth and development
172

. In particular, 

the rapidly developing field of proteomics is already providing remarkable insight into 

cellular activities at the protein level that complement genomic and transcriptomic 

investigations
173-175

. That is, obtaining deep protein-level measurements for the 

identification, quantification, post-translational modification, and localization of proteins 

has facilitated a more comprehensive understanding of molecular functionality. While 

there are a variety of proteomic techniques available to measure protein abundance, they 

differ greatly in their analytical merits of sensitivity, depth of measurement, resolution, 

and throughput. 

Following the release of the Populus trichocarpa genome in 2006, Populus 

emerged as a model system for the study of woody perennial plant biology
176

. The 

availability of a sequenced genome has prompted vigorous proteomic investigations 
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aimed at elucidating developmental phenomena pertinent to Populus
125, 177-179

. Here, we 

investigate the growth and development of the tree vascular network, which involves a 

complex system that integrates both molecular signaling components and regulation of 

protein expression. In higher plants, this elaborate network exists in two vascular tissues, 

phloem and xylem. Spanning the entire length of plants, these extensive vascular 

networks are responsible for the distribution of water and essential nutrients across long 

distances to vital locations. Insights derived from the detailed identification of proteins 

and their abundances within Populus vascular tissues will undoubtedly yield an improved 

understanding of the growth and development processes, such as wood biogenesis and 

drought response. 

The full potential of shotgun proteomics in plants is limited in part by the 

complexities of the proteomic reference database. Most plant genomes contain functional 

gene redundancies, segmental duplications, whole-genome reorganizations, and single 

nucleotide polymorphisms (SNPs) that have led to adaptive specialization of pre-existing 

genes (i.e., gene models, protein families and gene duplications that share >90% 

sequence identity). This inherent redundancy within all plant proteomes confounds the 

accuracy of the proteome characterization, inflating the total number of proteins 

identified and/or leading to incorrect biological interpretations. A sophisticated 

bioinformatics workflow for assigning peptides to proteins and for interpreting resulting 

protein identifications has to be employed to deal with gene duplications and extended 

gene families in Populus. 

Database searching algorithms, such as SEQUEST and MASCOT, which are 

commonly used to match experimental tandem mass spectra to theoretical fragmentation 

spectra generated from a pre-defined proteomic sequence database, cannot resolve 

peptide spectral matching for any peptide variation unaccounted for in the database. 

Therefore, when dealing with higher eukaryotes such as humans
180

 and plants, a major 

issue for tandem MS and peptide identification algorithms is the high level of sequence 

variation, including naturally occurring post-translational modifications (PTMs) and 

SNP-based single amino acid polymorphisms (SAAPs). In many proteomic 

measurements, such as those for microbial species, modifications and peptide isoforms 
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do not dramatically affect proteome identification and thus are ignored. In contrast, the 

complexities of plant proteomics demand attention to these protein alterations, as they 

have a significant impact on the quality of the proteome characterization
181

. Thus, the 

degree of sequence variation in Populus was explored to identify a number of unassigned 

quality spectra that result from these common peptide modifications. 

In this study, current experimental and computational approaches were employed 

to obtain a broad proteome profile of Populus vascular tissue. The experimental context 

includes 1) a large Populus sample set consisting of two genotypes grown under normal 

and tension stress conditions
182

, 2) bioinformatics clustering to effectively handle gene 

duplication, and 3) an informatics approach to track and identify single amino acid 

polymorphisms. Together, the integration of deep proteome measurement on an extensive 

sample set with protein clustering and characterization of peptide sequence variants has 

provided a level of proteome characterization for Populus that has not yet been observed. 

3.2 Characterizing the Landscape: Global Survey of the Populus 

Proteome 

3.2.1 Mapping Deep Measurements to the Populus Proteome 

To generate a high-coverage proteome profile, we performed bottom-up 

proteomics on a large sample set consisting of subcellular fractions (soluble, pellet) of 

two tissue types (xylem, phloem) from two Populus species: P. deltoides and P. tremula 

x alba. Using the most recent Populus genome draft (v2.0, 

http://www.phytozome.net/cgi-bin/gbrowse/poplar/), tandem mass spectra from 60 

Populus proteome measurements collectively identified 7,505 total proteins and 33,233 

tryptic peptide sequences with an overall false discovery rate of <1% at the protein level. 

Combining the proteome measurements together provided a global view of protein 

expression involved in vascular tissue development, resulting in protein assignments for 

~17% of the predicted Populus proteome. Approximately 40% of all detected proteins 

belonged to three specific functional categories based on 24 EuKaryotic Orthologous 

Groups (KOGs): 1) unknown function, 2) post-translational modification and turnover, 

and 3) signal transduction (Figure 3.1). The remaining identified proteins are scattered 
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across the other functional categories. The number of redundant proteins and peptides 

identified for each sample type and technical replicate are shown in Table 3.1. 

3.2.2 Genetic Redundancy and Protein Classification 

Shotgun proteomics employs a peptide-centric approach that relies on the ability 

to accurately assemble and assign thousands of measured peptides to reference proteins in 

biological samples. Although this is the conventional method for identifying proteins in 

large-scale studies, this approach presents several challenges when assigning peptides to 

proteins in higher eukaryotes. The most common issue deals with inferring a protein’s 

existence through the identification of peptides that constitute its primary structure. 

Protein inference becomes problematic when two or more proteins share peptides
72-73, 183

. 

Shared or degenerate peptides are natural occurrences that originate from protein 

homology, conserved protein domains among various proteins, splice variants, and 

redundant entries due to gene duplication events, all of which are common in plants
184-185

. 

Compared to A. thaliana, the Populus genome is highly genetically redundant, such that 

two-thirds of protein-coding genes share sequence similarity greater than 90% (Figure 

3.2A-B). After performing an in silico digest of the A. thaliana protein reference 

database, there were ~4.3 million fully tryptic peptides in the database. Out of those, 

~320,000 peptides are shared between two or more proteins. After completing an in silico 

digest of the P. trichocarpa reference protein database, ~6.3 million fully tryptic peptides 

were present and, of those, ~2 million are shared between two or more proteins. 
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Figure 3.1. Distribution of detected proteins by their KOG functional classification 

categories. The data indicates the most abundant functional categories for the combined 

xylem and phloem vascular tissue proteomes. 
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Table 3.1. The total number of proteins and peptides observed for each of the twelve 

conditions in two genotypes 
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Figure 3.2.Illustration of the degree of intraproteomic similarity for (A) P. trichocarpa 

(red) and (B) A. thaliana (green). Each circle represents a protein in the organism’s 

reference protein database. The (C) distinct and differentiable protein identifications 

(3,510) and the (D) indistinguishable protein identifications (3,995 were mapped onto the 

graph. 
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Clearly, the level of genetic sequence redundancy is extensive in the Populus proteome. 

Therefore, within these large data sets emphasis must be placed on accurate identification 

and validation of proteins, accounting for highly conserved, shared peptides. 

In previous studies, the categorical nomenclature of Yang et al. (2004) has been 

adapted to rationally organize the peptide data from each LC-MS/MS experiment. 

Several research groups have shown that this nomenclature can be coupled with Occam’s 

razor constraints to provide a minimal list of proteins to explain all observed peptides
73

. 

Using this classification method, we consolidated protein assignments by their level of 

uniqueness. Proteins that consist of only uniquely identified peptides were classified as 

distinct proteins. Proteins were classified as differentiable when they contain at least one 

peptide that is unique to that locus, as well as one or more peptides that map elsewhere in 

the proteome. The indistinguishable proteins consisted of only measured non-unique 

peptides that map elsewhere in the data set. Within our entire data set, only 50% of the 

tryptic peptides identified were classified as unique to the database. Therefore, out of the 

7,505 total protein identifications in the present study, 3,510 proteins were uniquely 

identified (classified as distinct or differentiable) and 3,995 proteins were categorized as 

non-unique or indistinguishable (Figure: 3.2C-D). 

Using the nomenclature above, we generated a minimal list of proteins that were 

conclusively determined to be present within the data set. However, due to the inherent 

ambiguity of the Populus proteome, less than 50% of the proteins categorized by the 

above-mentioned criteria could be used for biological interpretation. In addition, due to 

the extensive homology within the database, a vast majority of the proteins were 

classified as indistinguishable. As most of the proteins in this category contain no unique 

peptides, it was difficult to determine which specific proteins were present in the sample 

using an MS-based approach. As shown in other studies, one approach for proteins that 

cannot be distinguished on the basis of identified peptides is to collapse these into protein 

groups to provide a more accurate and informative data set
186-187

. In an attempt to 

reconcile this problem, a bioinformatics workflow was incorporated to better handle 

proteins sharing high sequence homology (90%) to increase qualitative accuracy by 

avoiding the over- and under-identification of homologous proteins. 
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An illustration of the informatics workflow can be seen in Figure 3.3A. Briefly, 

proteins sharing 90% or more sequence identity were clustered into groups by UCLUST, 

a clustering algorithm functionally equivalent to BLASTP
188

. Each protein group was 

defined by a representative protein sequence called a seed, where each seed shares 90% 

sequence identity to each protein in that cluster. By applying the clustering algorithm to 

the Populus database, the number of protein entries decreased from 64,689 proteins to a 

total of 43,069 protein groups. Implementation of clustering to the data set reduced the 

7,505 observed proteins to a total of 4,226 protein groups (see Methods), in which 2,016 

were singletons (i.e., a one-member group). This reduction implies that ~50% of the 

observed proteins were clustered into groups that shared extensive sequence homology. 

Therefore, this approach effectively consolidates indistinguishable proteins into a 

meaningful report. Although grouping proteins by high sequence similarity undoubtedly 

sacrifices some level of protein resolution, it is reasonable to assume that proteins with 

this level of sequence homology share similar biological functions. Furthermore, 

integrating the clustering approach with the initial SEQUEST analysis provided a means 

to categorize which members of a protein group were unique. 

Due to the peptide-centric nature of shotgun proteomics, it was imperative to 

report peptides in the context of proteins groups. As expected, clustering proteins into 

groups alleviated some of the ambiguity associated with shared peptides. Similar to a 

peptide being unique to a protein within the database, we found many peptides were 

unique to a particular protein group within the clustered database. In fact, 68% of 

previously shared peptides that were classified as non-unique to the Populus database 

were reclassified as unique to the clustered database. Moreover, the bioinformatics 

workflow generated a data set where 84% of the detected peptides were classified as 

unique. Therefore, rather than disregarding these peptides from the analysis, they were 

rescued and used for biological insight (Figure 3.3B). While it may not be clear as to 

which member of a protein group is actually present in a given sample, the identification 

of peptides belonging to a particular protein group likely indicates the presence of a 

shared functional process, especially considering the relatively stringent similarity cut-off 

(90%) applied to the protein database
189

. 
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Figure 3.3. Illustration of the protein grouping bioinformatic workflow. A) All proteins in 

the proteomic database were clustered by UCLUST to deal with gene duplications and 

extended gene families. B) After the proteins were clustered into protein groups, a 

conservative two-tiered filtering approach was used to eliminate 1) ambiguous 

identifications and 2) those at the lower detection limits. 
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3.2.3Characterization of the Populus Vascular Tissue Proteome 

 Xylem and phloem tissues are responsible for long-distance transportation and 

storage of essential minerals and nutrients in plants. A recent study used bottom-up 

proteomics to examine proteins expressed during xylem development
128

. This approach 

demonstrated an ability to robustly characterize xylem tissue in Populus by vastly 

increasing the number of proteins identified and characterized relative to previous 

Populus proteome studies
125

. In the current study, a similar experimental approach was 

applied to identify and contrast the relationship and dissimilarities between the xylem and 

phloem proteomes. A “core” proteome was extracted from the entire data set, consisting 

of 2,627 protein groups that were confidently identified in both xylem and phloem. The 

core proteome, encompassing 59% of the total proteins identified in the Populus data set, 

includes proteins representing each KOG category (Figure 3.4). The core metabolic 

signature is consistent with other studies that show an overrepresentation of proteins that 

are involved in energy production and translation
79

. Moreover, a similar quantitative 

distribution profile was also observed during xylem development
128, 190

. In addition, these 

functionally and spatially separate vascular networks contain tissue-specific proteins: 606 

unique xylem proteins-groups and 461 unique phloem protein groups, each having a 

distinct metabolic profile as shown in Figure 3.4. 

3.2.4 Regulatory Proteins Involved in Vascular Tissue Development 

 Among the proteins identified in the Populus data set were proteins that have 

been shown to control the patterning and differentiation of vascular tissues. Interestingly, 

the receptor protein kinase CLAVATA1 precursor, a part of the CLV3/CLV1 system, 

was exclusively identified in phloem tissue. The developmental process of the plant 

vascular network is a complex system that integrates both molecular signaling 

components and regulation of protein expression. Stem cells in the shoot apical meristem 

regulate the continuous formation of the different tissues during vascular formation. It 

has been shown that the receptor protein kinase CLAVATA1 governs stem cell fates in 

the shoot apical meristem. Along the boundaries of the procambium/cambium space of 

postembryonic tissue, this process occurs when CLAVATA1 binds to the protein ligand 

CLE41, which is secreted from the phloem
191-192

. 
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Figure 3.4. Quantitative distribution of detected proteins by their KOG functional 

classification category. The relative abundance of each functional category was 

calculated as a percent of the summed protein group abundance within each 

classification: protein groups found in xylem and phloem (the core proteome), protein 

groups found only in phloem, and protein groups found only in xylem. 
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We also identified bri1 suppressor 1 (BSU1) protein only in xylem tissue. BSU1 

is a ser/thr-protein phosphatase that has been shown to be a positive regulator of 

brassinolide signaling, thereby playing an important role in the regulation by 

brassinosteroids. It has been shown that brassinosteroids regulate xylem differentiation 

and vascular patterning from cambium cells
193

. Furthermore, brassinosteroid lack-of-

function mutants in Arabidopsis
194

 and rice
195

 disrupt vascular development. It is also 

known that the plant hormone auxin plays a critical role in the cell-to-cell communication 

in vascular differentiation
196

. We detected evidence for peptidyl-prolyl cis-trans 

isomerase protein (PIN1) expression in both xylem and phloem tissue. Currently, many 

studies suggest that the formation of plant vascular networks is an auxin-transport-based 

mechanism and the driving force behind this mechanism is the accumulation and 

polarization of PIN1, an auxin efflux carrier
197-198

. Based on our measurements, PIN1 

expression in phloem may provide a bi-directional pathway for long-distance 

transportation, while expression in xylem leads to vascular development and xylem 

differentiation. 

3.2.5 Biosynthesis and Development of Wood Cell Walls 

 We identified several of the cell wall-related carbohydrate active enzymes within 

our data set, including cellulose synthases, pectin methyl esterases, and xyloglucan 

endotransglucosylases and hydrolases. Wood, or secondary xylem, is a water conduit 

formed from the vascular cambium that provides mechanical support for plants and is the 

primary source of chemical feedstock for the emerging biofuels industry
199-200

. The cell 

wall is composed of a carbohydrate matrix consisting of cellulose microfibrils that are 

embedded within a mixture of hemicellulose and lignin, a polymer with subunits of 

phenylpropanoid
201-202

. Carbohydrate active enzymes (CAZymes) are known components 

of the construction and remodeling of the carbohydrate matrix
203

. Our proteomics profile 

identified several genes encoding CAZymes, concurrent with results from EST and 

microarray analysis
204-206

. 

Lignin, the other main constituent of the wood cell wall, is a complex phenolic 

polymer that provides a physical barrier that protects plants from microbial and physical 

attack and provides mechanical support. Lignin is polymerized from three primary 
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monomers: p-coumaryl alcohol (H), coniferyl alcohol (G) and sinapyl alcohol (S). The 

monolignols are synthesized from phenylalanine through the phenylpropanoid pathway 

and, within the Populus genome, 95 gene models have been identified as putative 

phenylpropanoid biosynthesis genes
207

. The genetic and biochemical role of most of the 

95 gene models remains undefined. Our study identified proteins associated with the 

monolignol biosynthesis pathway, identifying members for each enzyme family (Table 

3.2). 

3.3 Defining the Boundaries: Interrogation of Unassigned MS/MS 

Spectra 

3.3.1 Spectral Quality Assessment 

 Although remarkable depth of coverage of the Populus proteome has been 

achieved, one of the greatest heuristics that contributes to the success of database-

searching approaches also has a complementary limitation: regardless of the quality of 

peptide-derived spectra, algorithms will only match spectra to peptides that exist within 

user-defined sequence variations. Peptide sequencing by mass spectrometry is most 

commonly performed via collisional-induced dissociation (CID), in which peptide ions 

fragment in a predictable manner to produce dissociation products that yield sequence 

information. Though widely used for its simplicity and effectiveness, more than 50% of 

MS/MS spectra collected in a typical shotgun proteomic experiment do not result in high-

confidence peptide identifications when using automated search algorithms such as 

SEQUEST or MASCOT. Even though these low identification rates can be partially 

explained by the presence of spectra arising from concurrent fragmentation of multiple 

precursor ions, incomplete fragmentation of peptides, and chemical noise, a large fraction 

of peptide-derived spectra remain unassigned because of the quality and completeness of 

the proteome database
73, 208

. 

Neither prokaryotic nor eukaryotic protein databases typically include protein 

isoforms or alterations/modifications, and furthermore their omission has a more 

dramatic effect on higher eukaryotes in which sequence variations and unexpected splice 

variants are more prevalent.  
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Table 3.2. Protein and peptide classification for the monolignol biosynthesis pathway. 

 

 



 

 76 

Table 3.2 continued: 

 

 
 

*A detailed classification of the peptides detected within 10 protein families contributing 

to lignin biosynthesis. A protein was marked as distinct, differentiable, or 

indistinguishable according to its number of database-unique (DU) peptides detected. 

After reorganizing proteins into their protein groups, peptide uniqueness was reevaluated 

for protein-group uniqueness (PGU). The number of non-unique (NU) peptides was also 

reported. The following protein families were observed: phenylalanine ammonia-lyase 

(PAL), cinnamate 4-hydroxylase (C4H), 4-coumarate CoA ligase (4CL), p-

hydroxycinnamoyl-CoA: quinate shikimate p-hydroxycinnamoyltransferase (HCT), p-

coumarate 3-hydroxylase (C3H), caffeoyl-CoA O-methyltransferase (CCOMT), 

hydroxycinnamyl-CoA reductase (CCR), coniferaldehyde 5-hydroxylase (CAld5H) 

caffeate O-methyltransferase (COMT), and cinnamyl alcohol dehydrogenase (CAD). 
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Thus, by not anticipating the presence of these peptides, database search algorithms are 

more likely to interpret fewer peptide-derived MS/MS spectra when analyzing proteomes 

of higher eukaryotes. Reanalysis of unassigned tandem mass spectra was performed to 

determine the magnitude of peptide-derived spectra that remained unmatched to a 

sequence, thereby providing the proportion of “missing” peptide identifications in a run. 

To compare the rates of peptide-spectrum matching (PSM) between eukaryotes 

and prokaryotes, we contrasted MS/MS data from Populus with a simpler bacterium, 

Escherichia coli
209

. In both cases, proteolytic peptides were measured on the same 

instrument using identical methods to minimize experimental biases. The instrumental 

acquisition and chromatographic distribution of all MS/MS spectra collected were similar 

for both organisms (Figure 3.5A). However, the ability to successfully match 

experimental MS/MS spectra to theoretical database sequences was superior in E. coli. A 

greater percentage (86%) of Populus MS/MS spectra remained unassigned, as compared 

to only 63% of the MS/MS spectra collected for E. coli. A closer look at the proportion of 

unassigned peptide-derived spectra was used to determine if the observed discrepancies 

in peptide identifications could be attributed to the incompleteness of the reference 

database. Spectral quality assessment was used to identify the number of unassigned 

high-quality spectra, i.e., a population of spectra that likely represents mutated, modified 

or novel peptides. A conservative set of criteria, based on previous implementations of 

spectral analysis was utilized in the assessment of MS/MS spectral quality
210-211

. A 

spectrum was considered high quality if the parent charge state was calculated to be 

greater than +1 and if the spectrum contained three or more peaks within 20% of the base 

peak intensity with a minimum intensity of 2,500 counts. Using this approach, we 

performed an assessment of MS/MS spectra quality to distinguish high-quality 

unassigned spectra from low-quality unassigned spectra in the representative MS runs 

from Populus and E. coli. Spectra analysis revealed that, of the total MS/MS spectra 

collected for Populus and E. coli, the percentage of high-quality MS/MS spectra (45%) 

within the representative MS run for Populus contained almost twice the percentage 

(24%) in the E. coli run (Figure 3.5B). 
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Figure 3.5. Spectral quality assessment distributions for Populus and E. coli. A) 

Comparison of peptide-spectrum matching rates between E. coli and Populus. B) 

Quantitative assessment of the proportion of high-quality MS/MS spectra collected 

versus those assigned for the representative MS runs from E. coli and Populus. 
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Nonetheless, the ability to successfully match the high-quality experimental MS/MS 

spectra to database sequences remained more common in E. coli. A greater percentage of 

Populus high-quality MS/MS spectra (77%) remained unassigned, as compared to only 

45% of the high-quality MS/MS spectra collected for E. coli. This suggests a critical need 

to evaluate bioinformatic approaches to rescue the lost, high-quality spectra. 

3.3.2 Single Amino Acid-Resolved Populus Proteomics 

 One source of unassigned high-quality tandem MS spectra may be peptides 

containing SAAPs. Populus has an estimated one SNP per 200 base pairs
114

, while 

humans have an estimated one SNP per 1.9 kilobase pairs
212

. The biological implication 

of a SNP depends on its positional location within the genome and gene structure. Within 

coding regions, a SNP can be either synonymous which does not alter the amino acid or 

nonsynonymous which results in an amino acid substitution. Detection of SAAPs not 

only identifies amino acid changes that have physiochemical consequences but also 

reveals information regarding sequence, and perhaps phenotypic, variability within a 

proteome. Therefore, a database containing SNP-based SAAPs and other sequence 

variations could be highly informative. 

To explore the prevalence of SAAPs, a single MS run from within the 60 

described above was searched against an expanded Populus database that included a list 

of tryptic peptides generated from predicted SAAP variants in the database. In brief, 

high-throughput SNP discovery through deep (30X depth per genotype) resequencing of 

19 trees yielded 16 million SNPs in the Populus genome (485 Mb) (unpublished results). 

For this analysis, a subset of these SNPs present in 2 P. trichocarpa and 2 P. deltoides 

genotypes were considered. Of the 17 million amino acid positions found in P. 

trichocarpa's 45,778 protein-coding gene models, ~400,000 amino acid positions due to 

non-synonymous SNPs (SAAP) were investigated. All possible combinations of SNP-

influenced peptides (SAAP peptides) were predicted and subjected to in silico tryptic 

cleavage using PeptideSieve software with the following parameters: maximum mass 

criterion of 5000, minimum sequence length of 6, maximum sequence length of 50 and 

allowing for 4 missed cleavages. Some of the non-synonymous amino acid changes 

resulted in new tryptic cleavage sites or resulted in disappearance of these sites. These 
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were taken into consideration while predicting the peptides. To detect the expression of a 

SAAP peptide, experimental MS/MS spectra from one MS run were compared to 

theoretical tryptic peptide sequences generated from a target database consisting of the 

protein database of P. trichocarpa (v2.0) and all predicted SAAP peptides. Each SAAP 

peptide was concatenated to the target database as a new protein entry, in which ten 

tryptophan residues flanked both sides of the peptide sequences. For SAAP peptides that 

originated from the N-terminus of a protein, the tryptophan residues were excluded from 

the beginning of the SAAP peptide. Similarly, for each SAAP peptide that originated 

from the C-terminus of a protein, the tryptophan residues were excluded at the end of the 

SAAP peptide%. With the high frequency of SAAPs in Populus, over 700,000 distinct 

SAAP positions and 7,200,000 new peptides were included in our database. All MS/MS 

were searched with SEQUEST and filtered by DTASelect as described previously. Once 

peptide-spectrum matches were identified, filtering criteria were controlled to yield 

peptide FDRs less than 1%. We found that Populus proteins on average contained 17 

SAAPs. When identifying SAAPs from MS/MS spectra, it is important to differentiate 

these from post-translational modifications (PTMs) or peptide modifications generated 

during sample processing that result in mass shifts which are isobaric to several amino 

acid substitutions. For example, the covalent addition of a methyl group to a K, R, E, or 

Q produces a mass shift that is similar to the following amino acid changes: D to E, S to 

T, V to I/L, and G to A. Therefore, all spectra interpreted as both a PTM and a SAAP 

were discarded to lower the identification of false positives. To identify a targeted 

common set of PTMs, MS/MS spectra were analyzed by an automated software tool, 

InSpecT
55

, at a peptide FDR of 2%. In total, 271 spectra that matched to both a PTM and 

a SAAP peptide were removed from the analysis. Using conservative search criteria, we 

were able to identify a total of 1,354 peptides containing a SAAP and 201 peptides that 

become tryptic due to a K or R substitution. Although the new SAAP peptides account 

for 2% of high-quality unassigned spectra, these newly identified peptides correspond to 

502 proteins. Among these, we identified 97 proteins that had not been previously 

identified. Interestingly, for those proteins containing a SAAP peptide, their overall 

peptide coverage increased by an average 25%. 
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Due to the widespread distribution of SAAP peptides in the database, it seems 

probable that the detected SAAP peptides would map randomly across the proteome. 

However, our data suggests that the detected population of proteins containing a SAAP 

peptide map to specific and functionally similar groups. Grouping the SAAP proteins into 

KOGs, the vast majority of SAAP proteins belonged to the four specific functional 

categories: unknown function, signal transduction, post-translational modification, and 

carbohydrate transport and metabolism. Although these functional categories are among 

the most abundant categories in phloem and xylem, we note that other abundant 

functional categories, such as general function and translation, do not contain a large 

number of proteins containing SAAPs. Therefore, it appears that the overrepresentation 

of non-synonymous substitutions for the aforementioned functional categories is not a 

result of their expression levels, but rather that these proteins are under low selective 

pressure. Although it is unclear how many of these proteins represent evolutionary 

novelties, future comparative proteomics studies may identify expression patterns that 

reveal the outcomes of such mutations. In some instances, the location of these mutations 

could compromise or benefit an enzyme: replacing catalytic, binding, or substrate 

determining residues with amino acids differing in size, polarity, or hydrophobicity can 

either disrupt or modulate the activity of an enzyme. 

For example, when looking at the monolignol biosynthesis pathway, we identified 

a SAAP within phenylalanine ammonia lyase (PAL), the entry enzyme into the 

phenylproponoid pathway. As shown in Figure 3.6, a mass shift of +1 Da and the 

experimental b- and y- ion fragmentation pattern coincides with the predicted SAAP 

substitution of an asparagine (N) with an aspartic acid (D) at position 138. 
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Figure 3.6. Single amino acid polymorphism-resolved peptide identification in PAL. A) 

MS/MS spectra of the genomic tryptic peptide (FLNAGIFGNGTESSHTLPR) and the B) 

SAAP tryptic peptide (FLNAGIFGDGTESSHTLPR). C) A partial amino acid (single 

letter codes) sequence alignment of P. trichocarpa (PtPAL) with other members of the 

phenylalanine ammonia-lyase family (PcPAL, P. Crisum and AtPAL, A. thaliana). Only 

the region near the SAAP-containing peptide is shown. The yellow box highlights the 

substrate specificity residues and the green box highlights the SAAP position. 
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While the effect of the observed polymorphism is unknown, the localization of the 

substitution within a few amino acids of the substrate-binding site may impact the 

binding of coumarate to the substrate specificity residues
213

. Because studies have shown 

that PAL serves as a regulatory control point for the entire pathway
214

, any mutations 

compromising or altering the activity of the enzyme will, in fact, impact the overall lignin 

content. 

3.4 Conclusions 

 

While it is still unknown what percent of the Populus proteome is expressed given 

a specific time and tissue, combining tandem mass spectra from 60 MS runs yielded a 

preview of protein expression in xylem and phloem. Perhaps one of the most challenging 

tasks in proteomic studies of higher eukaryotes is inferring which proteins are present in a 

particular sample based on the observed peptides. An enhanced bioinformatic workflow 

alleviated some of the difficulties associated with data interpretation by recasting protein 

identifications as protein groups, which have a high degree of sequence similarity and 

therefore most likely share similar biological roles. 

 In addition, to fully characterize the boundaries of assignable peptides, we 

assessed spectral quality and found a large portion of the high-quality spectra remained 

unassigned. When dealing with higher eukaryotes such as plants, a major issue for 

tandem MS and peptide identification algorithms is the high level of sequence variation, 

including naturally occurring PTMs and SNP-based SAAPs. The exact scope and 

frequency of these detectable protein variants has, to our knowledge, never been reported 

to date in any plant. By investigating the prevalence of detectable SAAPs, we provide a 

glimpse of detectable proteins beyond the ‘basic’ proteome (predicted gene products). All 

together, the integration of deep proteome measurement on an extensive sample set with 

protein clustering and identification of protein sequence variants pioneered a level of 

proteome characterization for Populus that has not been possible before. 

Although the resulting data set provided a more accurate and informative 

perspective that allowed us to characterize the landscape of protein expression in xylem 

and phloem, the experimental workflow can be further improved by addressing some key 
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analytical challenges posed by plant cells. As discussed in the next chapter, our pre-

existing sample preparation (i.e., non-detergent-based lysis and protein extraction), which 

was developed for microbial samples, and mass spectrometer instrumentation did not 

provide optimal analytical depth and comprehensiveness required to accurately answer 

biological questions pertinent to Populus research.  
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CHAPTER 4 

 

DEVELOPING AN EXPERIMENTAL STRATEGY FOR POPULUS: 

THE INTEGRATION OF A DETERGENT-BASED LYSIS 

PROTOCOL AND THE DUAL-PRESSURE LINEAR ION TRAP 

MASS SPECTROMETER 
 

All of the data presented below has been adapted from the following published journal 

article: 

 

Paul Abraham, Richard Giannone, Rachel Adams, Udaya Kalluri, Gerald Tuskan, Robert 

Hettich (2012). “Putting the Pieces Together: High-performance LC-MS/MS Provides 

Network-, Pathway-, and Protein-level Perspectives in Populus”. Molecular and Cellular 

Proteomics 2013 12(1): 106-119. Sample preparation and mass spectrometry experiments 

were performed by Paul Abraham. Biological data analysis was performed by Paul 

Abraham and Richard Giannone. 

 

4.1 Introduction to Experimental Challenges 

 

Mass spectrometry (MS)-based proteomics has experienced tremendous growth in 

recent years, leading to the establishment of numerous protocols, platforms, and 

workflows for the characterization of protein expression at the genome level
215

. While 

these advancements have facilitated comprehensive proteomic investigations of simple 

bacterial isolates and microbial communities, the application of MS-based proteomics for 

plants and other higher eukaryotes remains underdeveloped. Recently, large-scale 

proteomic studies have been directed at characterization of Populus, a woody perennial 

model organism. With the recent release and subsequent curation of the P. trichocarpa 

genome, these large-scale MS-based proteomic investigations offer the potential to 

introduce new biological insights into woody perennial plant biology
216

. As shown in 

Chapter 3, we demonstrated the ability to measure ~17% of the Populus proteome by 

coupling multi-dimensional liquid chromatography (MudPIT) with nano-electrospray 

tandem mass spectrometry (2D-LC-MS/MS)
217

. Relative to the two-dimensional gel-

based approaches
218

, MudPIT provides enhanced separation and when used in 

conjunction with MS/MS, surpasses the throughput and number of identifiable proteins 

detected in complex mixtures
84

. Although we have demonstrated the general 
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effectiveness of this approach, the identification and quantitation of the proteins 

expressed in a plant cell or tissue are still notoriously complicated by a number of factors, 

including the size and complexity of plant genomes, abundance of protein variants, as 

well as the dynamic range of protein identification. To overcome these challenges, 

improvements are needed in sample preparation and MS instrumentation. 

The architecture of plant cell walls provides resistance to chemical and biological 

degradation, thus requiring mechanical and detergent-based lysis for optimal proteome 

analysis. However, this criterion presents a major challenge for plant proteomic research 

using electrospray mass spectrometry, as detergent-containing solutions can impede 

enzymatic digestion and cause significant analyte suppression
219

. Therefore, most plant 

proteomic studies using the ‘MudPIT’ strategy apply mechanical disruption in 

conjunction with a detergent-free preparation method
220

. Typically, strong chaotropic 

agents such as urea and guanidine hydrochloride are used for the extraction, denaturation, 

and digestion of proteins. In a recent study, Mann and colleagues introduced a filter-aided 

sample preparation (FASP) method that utilizes and effectively removes sodium dodecyl 

sulfate (SDS) prior to enzymatic digestion and electrospray analysis
221

. This study 

demonstrated enhanced retrieval of peptides from biological materials, yielding a more 

accurate representation of the proteome. We developed a similar experimental approach 

for extraction of proteins from plant tissue in order to obtain a more comprehensive, 

unbiased proteome characterization well beyond that achievable with currently available 

methods. Similar to the FASP method, we demonstrate the power of SDS for proteomic 

sample preparation, not only in its ability to more-thoroughly lyse cells, but also its 

ability to better solubilize both hydrophilic and hydrophobic proteins. This powerful 

attribute gives proteolytic enzymes maximum opportunity to generate peptides specific to 

their cleavage potential so that at least a few representative peptides can be obtained for 

proteins that would have otherwise been discarded or lost due to insolubility, e.g., 

membrane-bound proteins. Rather than performing a buffer exchange with urea, 

depletion of SDS is achieved by precipitating proteins out of solution using 

trichloroacetic acid. 
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Characterization of protein expression in plants is further complicated by the 

heterogeneous mixture of various cell types, each with a unique proteome signature and 

individualized response to environmental chemical or physical signals. This inherent 

complexity of plant proteomes and the large dynamic range in protein abundance 

overwhelms current analytical platforms
222

. Moreover, biochemical regulatory networks 

in plants are more elaborate and dynamic than in microbial species; consequently, many 

biological components are left undiscovered, including modified peptides and low-

abundance proteins
79, 223-224

. Recent developments in ion-trap MS instrumentation, 

namely the dual-pressure linear ion trap mass spectrometer (LTQ Velos), have 

demonstrated improved ability to comprehensively characterize complex proteomics 

samples
225

. Featuring a newly designed ion source and a two-chamber ion trap mass 

analyzer, the LTQ Velos achieves greater dynamic range, sensitivity, and speed of 

spectral acquisition when applied to complex proteomic samples. Cumulatively, the 

technological advancements afford substantial increases in the detection and 

identification of both proteins and unique peptides when compared to existing state-of-

the-art technologies. Therefore, to satisfy the need for depth of proteome characterization 

in plants, we coupled the detergent-based method with the newly developed LTQ Velos 

for mass spectrometry measurements of the Populus proteome. 

4.2 Global Protein Identification in Populus 

 

A protein sample derived from plant tissue is likely to consist of over 10,000 

different protein species present at any time and thus the complexity far exceeds an 

analogous sample derived from any prokaryotic species. The first step in accurate and 

deep proteome characterization in these mixtures must consist of an optimal cell lysis and 

protein solubilization strategy. For plant tissue, we devised a bottom-up proteomic 

workflow that combines the advantages of extensive proteome solubilization in SDS with 

the benefits of in-solution digestion. 

In an effort to generate a high-density proteomic atlas that accurately captures the 

predicted Populus proteome, individual proteome maps of the four major organ-types 

were integrated. In total, we performed multiple (5-6 each) LTQ Velos ion-trap mass 
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spectrometry measurements on proteome extracts from root, stem and both mature (fully 

expanded, leaf plastichronic index (LPI) 10-12) and young leaf (LPI 4-6) samples. The 

resulting tandem mass spectra (MS/MS) were searched (SEQUEST) against the most 

recent protein database of P. trichocarpa, containing 45,778 predicted proteins and 

supplemented with the chloroplast and mitochondrial proteomes. 

In plants, the task of assigning identified peptides to their respective proteins is 

not trivial. Due to the peptide-centric nature of shotgun proteomics, peptides that map to 

multiple proteins in a reference database can lead to ambiguous identifications. Within 

higher eukaryotes, this imposes a considerable challenge because shared or degenerate 

peptides, which result from segmental duplications, homologous proteins or splicing 

variants and comprise a large fraction of total extracted peptide library
184-185

. To date, 

there are different methods for aggregating MS evidence for protein assembly
73

. As 

discussed in Chapter 3, the most advantageous framework to classify and validate protein 

identifications in higher eukaryotes should include the following: 1) a means to report the 

minimum of proteins implicated by at least one unique peptide and 2) the ability to 

account for database redundancies by clustering similar proteins into groups by sequence 

homology. 

Using the principle of parsimony with Occam’s razor constraints, 7,720 Populus 

proteins were confidently identified (classified as distinct or differentiable), and 4,520 

proteins were categorized as indistinguishable. Although widely used, the guidelines in 

the suggested nomenclature make data interpretation more complicated and less accurate, 

especially in highly redundant proteome databases like Populus. 

For this reason, we proposed a strategy that incorporates additional supporting 

information (i.e., sequence homology) to better infer the existence of proteins. While this 

approach can be applied to bottom-up proteomic studies of plants in general, it confers 

demonstrable advantages for Populus specifically. Proteins sharing 90% or more 

sequence identity within the Populus database were clustered into groups. Each protein 

group was defined by a single representative protein sequence called a seed, where each 

seed shares ≥90% sequence identity with all other members of that group. Observed 

peptides from the originally searched protein entries were then directly referenced back to 
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the clustered database. For the current data set that included 63,056 tryptic peptides, 

~25% were previously shared within the original Populus database (non-

unique/degenerate) but were reclassified as unique to a particular protein group in the 

newly constructed database. This illustrates the advantage of implementing a “protein 

group-centric” approach, such that including information about sequence homology 

allows the interpreter to readily assess the relatedness between shared peptides of 

indistinguishable proteins derived from gene duplication and splice variants. Moreover, 

as clustered proteins are ≥90% similar to one another, members of a particular group 

likely exhibit similar functional roles which, when applied to semi-quantitative 

proteomics, allows for a more robust analysis of functional signatures across conditions, 

time points or organ types. In other words, this strategy effectively reduces the 

complexity of the functional analysis and biological interpretation of plant data. 

Based on this approach, a total of 11,692 protein assignments across all organ-

types were reduced into 7,538 protein groups at an average false-discovery rates of <1% 

at the peptide level. Protein groups were populated by as many as 21 members, with one-

membered groups (i.e., singletons) representing only 36% of the total. In total, we were 

able to measure 25% of the predicted proteins for Populus. Generating complete 

proteome maps of higher organisms is a difficult task as it is unlikely the entire ensemble 

of polypeptide species encoded by a genome will be expressed at any given time. 

Nevertheless, this integrated data set provides an “information backbone” that captures 

baseline protein expression across spatially and functionally distinct pathways. This 

holistic view of plant-wide protein expression will provide a better understanding of the 

detected components (i.e., proteins, pathways, etc.) in the context of relationships 

between organs. 

4.3 Depth of Analysis of the Populus Proteome 

 

Having established robust peptide/protein identification criteria, we sought to 

assess the depth of our data set by four critical figures of merit, proteome sequence 

coverage, sensitivity, data acquisition speed, and dynamic range. Despite differences in 

organ background, similar total protein sequence coverage (median=19%) was achieved 
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(Figure 4.1), a value comparable to recent work employing a similar approach to analyze 

yeast
226

. Of the four organ-types, the mature leaf proteome consisted of proteins with 

lower total sequence coverage. Concomitantly, there were fewer proteins with high 

sequence coverage. We speculate that the heterogeneity of the expected protein 

population expressed in mature leaf (i.e., membrane-related proteins, post-translational 

modifications, etc.) is perhaps less suited for the current trypsin-based schema. 

Transmembrane prediction using Hidden Markov Models (TMHMM)
227

 analysis 

revealed similar identification rates of proteins with transmembrane domains (6-7% 

across all organs), suggesting that the systematic decrease in protein sequence coverage is 

more likely due to changes in the frequency of post-translational modifications or some 

other phenomena related to the types of proteins being expressed. 

Unlike the experimental design presented in Chapter 3, we incorporated a 

detergent-based lysis and protein solubilization strategy to improve the overall sensitivity 

of our proteome analysis. Plant cells contain a relatively high level of proteins whose 

extraction is rendered difficult because they are associated with the cell wall and other 

compounds, such as storage polysaccharides, phenolic compounds, and lipids. In general, 

these proteins are poorly soluble in aqueous and chaotropic solvents, and therefore 

efficient protein extraction of all detectable proteins requires a detergent-based approach. 

Although SDS is routinely used as the reagent of choice, this ionic detergent can, even in 

small concentrations (~0.1%), preclude enzymatic digestion of proteins and can cause 

significant ion suppression in electrospray. Therefore, TCA precipitation was integrated 

to reduce the concentration of SDS to well below threshold levels, allowing better 

proteome coverage without interferences. To compare the two methodologies, a 

population of plant cells was processed with each method and analyzed by the same mass 

spectrometer. As shown in Figure 4.2, the SDS-based approach proved superior to the 

previous methodology with regards to the detection of low-abundant proteins. In 

addition, the SDS-based method demonstrated remarkable gains in protein identifications 

(+57%), peptide identifications (+48%), and the number of spectra counts (+78%). 
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Figure 4.1. Box and whisker plot of total percent sequence coverage in Populus leaf, root, 

and stem proteomes. The distribution of the total sequence coverage per protein by organ 

is displayed as a box and whisker plot. Data falling within the interquartile range (25% - 

75%) is boxed with the median value highlighted by the horizontal line, with the overall 

mean represented by a dashed-horizontal line. Predicted outliers fall above the upper 

horizontal line. Sequence coverage data distributions are synonymous for root, stem, and 

young leaf. Sequence coverage for mature leaf is systematically depressed by roughly 

5%, perhaps indicating enrichment of proteins with transmembrane domains or those 

with a higher-degree of post-translational modification. 
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Figure 4.2. A comparison between the SDS-based and non-detergent-based 

methodologies. Each spectra count bin represents a degree of protein abundance, where 

the “0-10” bin represents least abundant proteins and the “500+” bin represents the most 

abundant proteins observed. The size of each bin is dictated by the % gain in spectra 

count when using the SDS-based approach. 
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Electrospray ionization presents the mass spectrometer with a dynamic population 

of peptides, of which only a fraction is selected for sequencing
228

. Consequently, highly 

abundant peptides limit the sampling and identification of low-abundant peptides. 

Because the LTQ Velos platform includes advances that benefit the analysis of low-

abundant and low signal-to-noise precursors, we sought to quantitatively assess the 

capabilities of the instrument. By comparing our current data set against our previous in-

depth Chapter 3, which used the LTQ XL platform, we examined the achievable depth of 

proteome characterization. When examining the distribution of the identified precursor 

ions versus local signal-to-noise ratios, the LTQ Velos platform increased the 

identification of low signal-to-noise precursor ions compared to the LTQ XL (Figure 

4.3). Furthermore, peptide populations created from complex mixtures often tax the 

sequencing speed of MS instruments such that the mass spectrometer is incapable of 

targeting every eluting peptide and thus misses “sequenceable” peptides. As anticipated, 

the faster acquisition speed facilitated a 2-fold increase in the number of scans collected 

and assigned as well as the total number of proteins identified (Figure 4.4A-B). Given 

these improvements provided by the Velos platform, we anticipated a sizeable increase in 

the analytical dynamic range. Indeed, protein dynamic range spanned 5-6 orders of 

magnitude, representing a 1-2 order of magnitude increase when compared to the LTQ 

XL platform (Figure 4.4B). Together, these increases in sensitivity and speed augment 

the analytical dynamic range, providing demonstrably better depth of proteome 

characterization. 

Similar experimental strategies directed towards deep proteome coverage in 

eukaryotes, like yeast, have measured a remarkably large dynamic range of protein 

expression
229

. Unlike yeast
98

, there is no available information regarding known cellular 

concentrations (copies/cell) for proteins spanning the entire abundance range in Populus. 

Therefore, it is a challenge to accurately assess the biological dynamic range achieved by 

this approach. Nevertheless, the experimental and dual-pressure ion trap designs include 

substantial improvements that benefit the analysis of complex protein mixtures. 
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Figure 4.3. A comparison of signal-to-noise ratio of identified peptides between the LTQ 

XL and LTQ Velos platform. Number of identified MS/MS events versus the estimated 

local signal-to-noise ratios of precursor ions. Overall, the LTQ Velos spent most of the 

extra 2X sampling time identifying more low abundance precursors than LTQ XL. 
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Figure 4.4. Peptide and protein dynamic range in Populus. Dynamic range of 

measurement was assessed for each identified peptide and protein across three replicate 

runs for all four organ types. (A) Maximum ion intensity values obtained for each 

peptide’s extracted ion chromatogram (y-axis) were ranked by intensity and plotted 

against cumulative number of assigned MS/MS spectra (x-axis). Curves represent 

individual replicates per organ to identify run-to-run differences in dynamic range. (B) 

Assembled protein intensity (y-axis), calculated by summing constituent peptide 

intensities across all replicates, was plotted against the cumulative number of identified 

proteins (x-axis) to identify the overall protein dynamic range achieved per individual 

organ. Dynamic range values, represented as magnitudes (base 10), are listed in the figure 

legend. Light blue: LTQ stem; blue: LTQ-Velos mature leaf; red: LTQ-Velos young leaf; 

purple: LTQ-Velos root; green: LTQ-Velos stem. 
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4.4 Conclusions 

 

Since the release of the Populus genome in 2006, a question remains unanswered, 

i.e., what is the achievable depth and coverage of the predicted proteome space of 

Populus using high-throughput mass spectrometry? Although the application of bottom-

up proteomics to measure global molecular responses is successful for many proteomic 

samples of low complexity, the depth of coverage required for a similar inquiry in higher 

eukaryotes requires more sophisticated sample preparation and advanced instrumentation. 

Therefore, we sought to address these issues by implementing a myriad of optimizations 

for nearly every step of the experimental process. These optimizations, while beneficial 

to plant proteomics in general, are broadly applicable to other organisms of similar 

complexity such as humans and other higher eukaryotes. 

The enormous biological dynamic range inherent to a eukaryotic system 

demanded incorporation of a detergent-based sample preparation strategy that enhances 

plant cell lysis and protein extraction, both crucial enablers for in-depth analyses of 

complex proteomes. Without the appropriate instrumentation, this complexity inevitably 

leads to a sub-optimal identification of all detectable peptide species. Although a 

longstanding general challenge in shotgun proteomic experiments, recent technological 

improvements to the LTQ platform, mainly through enhancements to sequencing speed 

and sensitivity, doubles the identification rate of these dense peptide populations and 

enhances the identification of low-abundant protein species. Taken together, the 

enhanced sample preparation method and the state-of-the-art instrumentation enabled us 

to achieve one of the deepest proteome analyses in plant organisms to date, spanning six 

orders of magnitude in protein abundance and requiring only modest levels of sampling 

(i.e., 5-6 sample replicates per organ). 

As demonstrated, the depth of coverage achieved in this study enables a 

comprehensive characterization of different plant organs that, at the cellular level, have 

vastly different chemical backgrounds (expressed genes, proteins and metabolites). As 

discussed in Chapter 5, this streamlined approach applied here affords an unprecedented 

view of Populus protein expression across several major organ-types. 
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CHAPTER 5 

 

PUTTING THE PIECES TOGETHER: HIGH-PERFORMANCE LC-

MS/MS PROVIDES NETWORK-, PATHWAY-, AND PROTEIN-

LEVEL PERSPECTIVES IN POPULUS 
 

All of the data presented below has been adapted from the following published journal 

article: 

 

Paul Abraham, Richard Giannone, Rachel Adams, Udaya Kalluri, Gerald Tuskan, Robert 

Hettich (2012). “Putting the Pieces Together: High-performance LC-MS/MS Provides 

Network-, Pathway-, and Protein-level Perspectives in Populus”. Molecular and Cellular 

Proteomics 2013 12(1): 106-119. Sample preparation and mass spectrometry experiments 

were performed by Paul Abraham. Biological data analysis was performed by Paul 

Abraham and Richard Giannone. 

 

5.1 Introduction to the Populus Proteome Atlas  

 

For most terrestrial plants, life begins and ends in the same physical location. For 

woody perennial plants, this sedentary lifestyle may last thousands of years. One 

consequence of this lifestyle is that each plant typically experiences dramatic changes in 

its ambient environment throughout its lifetime and, at any given time, equilibrium 

between endogenous growth processes and exogenous constraints exerted by the 

environment must be tightly controlled. To survive under varying environmental 

conditions, temporal plastic responses evoke patterns of protein expression that 

progressively influence morphological, anatomical and functional traits of three principal 

organs -- leaf, root and stem. Collectively and individually, these organs operate to 

perceive and respond to periodic and chronic environment conditions. Currently, a 

comprehensive understanding of the spatial variation in protein expression patterns across 

the organ types is lacking for woody perennial plants, where most large-scale proteome 

analyses with Populus were performed on isolated organs, tissues, organelles, or 

subcellular structures. For this reason, we combined the state-of-the-art LTQ-Velos 

platform with the SDS/TCA sample preparation methodology to generate a high-

coverage proteome atlas of the principal organ types from Populus (see Chapter 4). With 

a high-coverage proteome atlas of the principal organ types, we provide a detailed look 
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into the predicted proteome space of Populus, offering varying proteome perspectives: 1) 

network-wide, 2) pathway-specific, and 3) protein-level viewpoints. As a demonstration 

of the precision and comprehensiveness of analysis, we also contrast two stages of leaf 

development, mature versus young leaf. 

5.2 Profiling Organ-Specific Proteomes 

5.2.1 Spatial Proteomics 

 Using the filtered and normalized data collected in Chapter 4, a function-level 

view of the different Populus organ proteomes was generated by sorting protein groups 

into functional categories as defined in the eukaryotic clusters of orthologous groups 

(KOG) database and weighting by normalized spectral count (nSpC) (Figure 5.1). KOG 

categories of “unknown function” and “post-translational modification and chaperone” 

had the highest representation in all organs. With regard to specific organs, “signal 

transduction mechanisms” and “chloroplast components” were the most abundant 

functional categories in mature leaves, “translation and RNA processing” in young 

leaves, “cytoskeleton” in stem and “unknown function” in roots. 

 We next identified protein groups from our data set that overlapped different 

organs, as well as those that were only found in one organ (Figure 5.2A). In the current 

study, a “core” proteome shared among the four different Populus organs was identified, 

consisting of 2,060 protein groups. The spatial distance between organs appeared to 

influence the degree of overlap between the different proteomes. For two organs that 

have a distal relationship, such as root and mature leaf, the overlap between proteomes 

decreases. 

 Protein groups found in only one organ may be linked to specialized, organ-

specific processes. In total, we identified 688 protein groups unique to root, 831 to stem, 

370 to mature leaf, and 629 to young leaf. For a more detailed comparison of the different 

organ proteomes, a Pearson correlation matrix assessed the correlation between the 

different organ proteomes (Figure 5.2B). 
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Figure 5.1. Quantitative distribution of detected protein groups by their KOG functional 

classification categories. Proteins identified in each tissue type were assigned KOG 

categories to identify functional trends relevant to each organ type. Category 

representation was weighted by the sum total of the normalized spectral counts (nSpC) 

contributed by each protein in the classification. Notable trends include a high proportion 

of nSpC in mature leaf attributed to chloroplast-based proteins, enrichment of 

cytoskeletal components in stem, and an increase in translation in young leaf compared to 

the other tissues. Also noted is the large degree of nSpC representation falling into the 

unknown category, suggesting a need for improved protein annotation as a whole. 
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Figure 5.2. Global proteomic view across all four Populus organs. Numbers of identified 

protein groups, as represented by a 4-tiered Venn diagram (A), indicate the level of 

proteomic overlap between organ types. Notable regions include protein groups specific 

to only one organ-type (solid blue, yellow, green and red) as well as groups identified 

across all organs (central brown region). (B) Degree of proteomic overlap as visualized 

by Pearson’s correlation analysis of all protein nSpC values averaged across all replicates 

for each particular organ. The degree of correlation increases as a function of organ 

proximity. 
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The pairwise comparisons resulted in Pearson correlation values that range from 0.06 

(mature leaf vs. root) to 0.72 (young leaf vs. stem). The correlation coefficients support 

the results in Figure 5.2A and together corroborate the hypothesis that the degree of 

proteomic overlap between different Populus organs is reflected by their shared function. 

 For a network-wide perspective of Populus metabolism, we employed the use of 

iPath2.0
230

 (http://pathways.embl.de) to navigate and explore the predicted KEGG 

metabolic pathways (Figure 5.3A-E). Using the entire data set (7,538 protein groups), a 

metabolic pathway diagram was constructed to highlight the core proteome relative to all 

protein groups measured (Figure 5.3A). Overall, the core molecular network spanned 

every major functional category belonging to central metabolism. These protein groups 

likely belong to catalytic and regulatory interactions that govern the life of a plant cell, 

and may include signaling networks that choreograph cross talk between plant cells in 

response to environmental perturbations. Figures 5.3B-E depict metabolic grids of 

individual organ proteomes. Even though similar coverage of the metabolic network was 

observed for each organ, the most revealing feature of these maps is the existence of 

molecular networks and the protein groups that are characteristic of a specific organ. For 

each organ proteome, a number of unique protein groups were identified and, rather than 

mapping ubiquitously, they generally assembled into discrete pathways. Although 

beyond the scope of this study, future work could integrate metabolomics to measure net 

fluxes of material into and out of pathways, capturing the relationship of enzymes and 

their substrates/products
231

. 
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Figure 5.3. Metabolic pathway maps for Populus. The data set was represented in a visual 

metabolic context by integrating identified protein groups with the predicted KEGG 

information for P. trichocarpa. Metabolic maps were created for the following 

proteomes: A) core, B) mature leaf, C) young leaf, D) root and E) stem (including both 

phloem and xylem tissues). For each panel, the grey nodes represent various chemical 

compounds and each line represents an enzymatic reaction. Lines that are grey represent 

enzyme reactions in which no protein group was identified. A colored line represents an 

enzymatic reaction in which a protein group was identified. Line widths in the map 

denote uniqueness of a protein group for a particular proteome. For example, a thick 

colored line in A represents a protein group that was found across all organ types and 

thus a member of the core proteome. To summarize the metabolic state of each organ, a 

few representative modules were chosen (outlined by a red dashed border). For mature 

leaf (B), a module was chosen to represent the increased number of proteins involved in 

photosynthesis. This module includes 7 subunits of the F-type H+-transporting ATPase 

enzyme found in chloroplast thylakoid membranes. A module of protein groups encircled 

in nucleotide metabolism was chosen to illustrate the increased rate of growth in young 

leaf (C). Roots (D) are critical storage hub in plants; consequently, a module of protein 

groups belonging to starch and sucrose metabolism were highlighted. For increased 

structural stability, stem (E) tissue consists of a milieu of protein groups belonging to 

lipid metabolism. 
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5.2.2 Quantitative Analysis of Populus Organ Proteomes 

 In order to generate a quantitative proteome map of the different Populus organs, 

we first filtered the data to account for the stochastic nature of the peptide sampling 

process
168

. That is, a significant proportion of the data consists of low-abundant proteins 

and because accurate label-free quantitation is difficult to perform on low-abundant 

proteins, we applied a threshold filter for their subsequent removal. Rather than choosing 

an arbitrary abundance value to eliminate low abundance proteins, an empirical 

prevalence value was identified to obtain a “cut-off” criterion that distinguishes changes 

in protein expression from background noise and false positives
170

. To assess differences 

between organ types, only those proteins with substantive nSpC, as determined by a 

prevalence value (PV), were carried on to subsequent analyses. Briefly, each protein 

identified is given a PV, which is determined by averaging the nSpC values across all 

samples. Next, PVs were plotted as a histogram to graphically capture the distribution of 

assigned spectra, such that one could assess the cumulative spectra assigned at varying 

PV cut-offs. Through iterative removal of proteins below each PV cut-off, only proteins 

considered to be highly representative or reproducible remained. Using this approach, an 

ideal PV cut-off of 2.0 was determined. Applying this filter to the entire data set reduced 

the number of quantifiable protein groups from 7,538 to 3,242. Notably, while only 

~43% of the data set remains, we retained ~98% of the total assigned nSpC values for 

quantitative analysis. 

 Using these parameters, we sought to identify the distribution of protein 

expression across the different organs. Hierarchical cluster analysis was applied to the 

3,242 protein groups, resulting in 14 clusters that can be visualized in Figure 5.4. For 

hierarchical clustering, transformed data across all organ types were compared via the 

Fast Ward clustering algorithm using the STD option to standardize protein abundance 

values across all organs on a protein-by-protein basis, which essentially converts 

abundance values to standard deviations above or below the row mean. Proteins 

exhibiting similar trends across all organs were grouped into clusters and visualized by 

heat map to ascertain organ-specific protein representation. 
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Figure 5.4. Hierarchical clustering classifies protein groups by distinct localization 

trends. Identified protein groups above the determined prevalence value were clustered 

into groups based on nSpC abundance patterns across all organ types. Abundance values, 

ranging from -1.56 to +1.56, were calculated by converting nSpC for each protein group, 

averaged across all replicates, to a value representing the number of standard deviations 

away from the row mean. Protein groups sharing similar standardized abundance trends 

were then clustered into distinct families (listed top to bottom - 1, 12, 4, 8, 7, 2, 13, 10, 3, 

11, 6, 14, 9 and 5) and denoted in alternate colors. Columns representing each organ-type 

were then clustered (bottom) based on global data set similarities. 
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Figure 5.5. Quantitative distribution of detected protein groups by their KOG functional 

classification categories for each hierarchical cluster. Protein group clusters were 

deconvoluted by organ-type (A) to show each organ’s nSpC contribution relative to the 

total nSpC populating each cluster (across all organs). Table cells are color-coded based 

on percent contribution (green:red::low:high) in order to quickly visualize each organ’s 

share of the total nSpC. (B) To view the functional signature of each cluster (z-axis), 

cluster members were classified into their respective KOG categories (x-axis), with each 

category’s representation weighted, based on the sum of nSpC of contributing protein 

group members (y-axis). 
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Across all clusters, the number of protein groups ranged from 395 (cluster 7) to 74 

(cluster 12). While cluster membership reflects the relative diversity of protein function, 

the overall activity of each cluster is revealed through the relative percentages of the total 

assigned spectra (Figure 5.5A). With such values, the quantitative representation of each 

organ within a cluster can be defined. 

 To interpret the biological significance of each cluster, cluster membership was 

plotted against KOG category (Figure 5.5B). First, we examined the protein groups that 

were predominately expressed in only one organ: cluster 1 (root), cluster 2 (mature leaf), 

cluster 8 (stem), and cluster 14 (young leaf). For the set of protein groups that were 

predominantly expressed in roots, the three most abundant functional categories observed 

were “unknown function”, “post-translation modification and chaperones”, and “amino 

acid transport and metabolism”. For those protein groups whose function remains 

unknown, an attempt to elucidate a biological role was dependent on whether a protein 

could be associated with a particular protein family in the Pfam database
232

. Although 

functional annotations based solely on family membership must be interpreted with 

caution, high-quality association with a protein family would, in fact, indicate what 

functional units are present and thus suggest a biological role. By investigating protein 

family membership, a functional role for the two most abundant proteins 

(POPTR_0013s10350.1 and POPTR_0013s10380.1) in the unknown category could be 

hypothesized. When searched against the Pfam database, both proteins matched with high 

confidence to a phosphorylase superfamily that includes 5'-methylthioadenosine 

phosphorylase. A previous publication
233

 suggests that the ortholog represented in A. 

thaliana responds to changes in the level of cytokinin production in various cell types. 

Within plants, the phytohormone-related cytokinin is an important regulator of plant 

growth and, notably, 5'-methylthioadenosine, the substrate for the above-mentioned 

protein, has been linked to cytokinin metabolism
234

. For another set of proteins 

(POPTR_0008s13030.1 and POPTR_0008s13040.1), which are also among the highest 

expressed in the unknown category, A. thaliana orthologs have been shown to correlate 

with cytokinin levels in roots
235

. A search against the Pfam database resulted in high 

confident annotations for both proteins, matching against the Bet v I allergen protein 
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family. In fact, members of the Bet v I allergen protein family are storage proteins that 

occur across dicotyledonous plants
236

 and have been shown to be cytokinin-binding 

proteins
237

. Together, the expression patterns observed, as well as annotations provided 

through protein family memberships, suggest biological roles impacting multiple aspects 

of plant development, including cell growth and sink/source relationships. 

 Within the set of protein groups that were predominately expressed in stem 

(cluster 8), the three most abundant KOG functional categories observed were “unknown 

function”, “cytoskeleton”, and “amino acid transport and metabolism”. A set of the most 

abundant proteins shared a common biological thread; they all are involved in cell wall 

formation. Among this set, UDP-glucose pyrophosphorylase (UGPase; 

POPTR_0004s07280.1) and UDP-glucose dehydrogenase (UGDH; 

POPTR_0004s11760.1) were identified at similar abundance values. In plants, the 

enzyme UGPase is metabolically positioned at the point of sucrose synthesis/breakdown 

and, at this important carbon flow junction, produces UDP-glucose, which is required for 

sucrose synthesis or other polysaccharides, such as hemicellulose or pectin
238

. Because 

actively growing stem tissues (i.e., phloem and xylem) do not serve a nutritional storage 

role, we hypothesize that the enzyme UGDH utilizes the UDP-glucose produced by 

UGPase to form UDP-glucuronate, which is a precursor for hemicellulose and pectin 

formation, two xylem-related polymers. Lastly, the protein with the largest abundance 

value is an actin depolymerizing factor (ADF; POPTR_0009s03320.1) that perhaps plays 

a role in control of woody tissue development. In Populus, ADF activity is thought to be 

essential for the development of phloem and xylem
239

. 

 The three most abundant KOG functional categories observed in mature leaf 

(cluster 2) were “unknown function”, “chloroplast”, and “carbohydrate transport and 

metabolism”. A mature leaf harbors a highly active network of chloroplasts, an organelle 

where light energy is collected and converted into stored chemical energy that ultimately 

fixes atmospheric carbon dioxide to carbohydrates. Hence, fully developed leaves possess 

the highest photosynthetic rate, chlorophyll accumulation and respiration levels
240

. 

Indeed, the three most abundant proteins (ribulose-1,5-bisphosphate 

carboxylase/oxygenase (RuBisCO) large subunit; Chloroplast 11241, PSAD photosystem 
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I reaction center subunit; POPTR_0008s15100.1 and glyceraldehyde 3-phosphate 

dehydrogenase; POPTR_0014s13660.1) observed in the data set reflect the main purpose 

of this specialized organ and substantiates its characteristic role in photosynthesis and 

carbohydrate metabolism. 

 The three most abundant KOG functional categories observed in young leaf 

(cluster 14) were “unknown function”, “translation”, and “RNA processing and 

modification”. Unlike mature, fully expanded leaves, the more juvenile leaves appear to 

be ontogenetically closer to the shoot apical meristem. Rather, they appear to utilize most 

of their resources in active growth and development. The two most abundant proteins in 

young leaf were of unknown function but by investigating protein family membership 

with Pfam, both proteins (POPTR_0124s00210.1 and POPTR_0018s09610.1) matched 

with high confidence to members of the GDSL-like Lipase/Acylhydrolase family. In 

general, the GDSL-like lipase superfamily is thought to play an important role in the 

regulation of plant development and, recently, in the metabolism of cutin and wax
241-242

. 

In plants, cutin biosynthesis is a crucial component in the formation of outermost 

epidermal cell wall surface, the cuticle. Within expanding young leaves, the enzymatic 

mechanisms involved in the production of cutin monomers have been well-studied
243-244

. 

However, little progress has been made in identifying the enzymes involved in the 

transportation and building of the cutin matrix within the epidermal cell extracellular 

matrix. Lipase-type enzymes have been suggested to be involved in the cutin 

polymerization step within the extracellular matrix
245

. The results here, in correlation 

with the ANOVA analysis below, suggest that these abundant lipase proteins are 

involved in the formation of the plant cuticle. 

5.3 Profiling Leaf Development 

5.3.1 Quantitative Analysis of Populus Leaf Development 

 The semi-quantitative power of LC-MS/MS-based proteomics was employed to 

detail the proteomic differences between Populus leaf at two different developmental 

stages: young (YL) and fully expanded, mature leaf (ML). To accomplish this task, 

protein group normalized spectral counts (nSpC) collected across all replicates of each 
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leaf-type were analyzed by one-way ANOVA. Protein groups represented in the analysis 

include only those with significant sample-to-sample representation, as assessed by 

prevalence value. In total, 2881 protein groups from both young and mature leaves were 

statistically compared. Roughly half (1432 protein groups) were found to exhibit 

statistically significant (p≤0.01) differential abundance patterns, with 395 groups 

showing increased abundance in mature leaf compared to 1037 in young leaf (Figure 

5.6A-B). These values support the proposition above that mature leaf has “settled” into 

its organ-specific function (photosynthesis) and thus requires a reduced complement of 

proteins, relative to young leaf. In contrast, young leaves are still developing, as 

evidenced by the up-regulation of general biosynthetic pathways (i.e., DNA synthesis, 

transcription, translation, etc.). 

In order to better visualize the functional differences between young and mature 

leaves, differentially abundant protein groups from the ANOVA analysis were mapped to 

KEGG-derived metabolic pathways using iPath2.0. Only those Populus protein groups 

with assigned function (i.e., KEGG KO or Enzyme EC number) could be mapped, 

leaving out several highly abundant, differentially expressed proteins of unknown 

function. Despite this limitation, developmentally responsive protein groups matched to 

1444 metabolic map elements (392 in mature leaf vs. 1052 in young leaf, redundant 

entries included) and allow for a more pathway-centric view of the functional reactions 

specific to leaf developmental stage (Figure 5.7A-B). 

Functional enzymes exhibiting differential abundance patterns are highlighted on 

the pathway maps as varying degrees of either red (up-regulated in mature leaf, Figure 

5.7A) or green (up-regulated in young leaf, Figure 5.7B), depending on their fold change. 

Protein expression that differs by a factor of 10 or more in either direction is represented 

by the brightest of either color. 
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Figure 5.7. Differential proteomic analysis of young versus mature leaf by ANOVA. 

Protein groups identified in young and/or mature leaf above the determined prevalence 

value were analyzed by ANOVA to compare the functional signature between two 

distinct developmental stages of leaf. (A) Protein group abundances (nSpC), averaged 

across all replicates (n=6) per stage, were compared between young leaf (YL, x-axis) and 

mature leaf (ML, y-axis) and visualized as a scatterplot. Protein groups that showed a 

significant (p≤0.01) difference in abundance are colored red. Dotted lines separate 

“effectively zero” sub-distributions from the main distribution in the top right quadrant. 

Proteins groups in this main distribution were identified in both developmental stages 

while proteins in the sub-distributions were likely found in only one stage. To further 

visualize the statistical metrics of the main distribution, a volcano plot (B) was 

constructed, comparing the LOG2 (nSpC)-based difference between both developmental 

stages (x-axis) to the level of statistical significance, represented as -LOG10(p-value) (y-

axis). As in (A), protein groups that showed a significant (p≤0.01) difference in 

abundance are colored red. 
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As a testimony to the power and accuracy of semi-quantitative proteomics, LC-

MS/MS-derived protein abundance patterns highlight several contiguous pathway 

components, a majority of which respond in an appropriate, concerted fashion specific to 

leaf developmental stage. This pathway-centric view thus expands upon a general list of 

up- and down-regulated proteins, allowing for more complete synthesis of systems 

biological information. However, this is not to suggest that the latter is unnecessary, 

especially as only a subset of leaf stage-responsive proteins could be effectively mapped 

to a particular metabolic pathway. 

5.3.2 Metabolic Pathway Mapping of Mature Leaf Highlights a Primary Focus on 

Energy Harvesting 

Protein groups exhibiting increased abundance in mature leaf, relative to young 

leaf, substantiate the general view of a leaf as a specialized energy harvesting organ. As 

highlighted in box “PS” (Figure 5.8A), all major components of photosynthesis (KEGG 

pathway KO00195) show significant increased protein abundance in mature leaf relative 

to young leaf. In fact, photosynthesis is one of the most up-regulated systems present in 

mature leaf, an observation further evidenced by totaling the nSpC of each of the four 

sub-complexes: 1) Photosystem II – 5324 nSpC in mature leaf compared to 907 in young 

leaf (5.9x up-regulated), 2) Photosystem I – 7801 to 624 nSpC (12x up-regulated), 3) 

Cytochrome b6/f complex – 1873 to 370 nSpC (5.1x up-regulated) and 4) ATP synthase 

– 5435 to 762 nSpC (7.1x up-regulated). Furthermore, photosynthetic antenna proteins, 

the chlorophyll-binding components of light harvesting complexes 1 and 2 (KEGG 

pathway KO00196), also showed a 4.6x increase in abundance compared to young leaf 

(2469 vs. 534 nSpC). Taken together, mature leaf photosynthetic function was up-

regulated by a factor of 7.2x relative to young leaf (22,902 vs. 3,197 nSpC). 

Photosynthesis is inextricably linked to carbon fixation, a process by which 

photonic energy harnessed from sunlight is used to replenish supplies of NADPH and 

ATP, both of which power the redox-based reduction of atmospheric carbon dioxide to 

sugar molecules. Thus, the observed increase in proteins related to photosynthesis in 

mature leaf must correspond to an increase in the rate of carbon fixation. As follows, 

enzymes relevant to the carbon fixation pathway (KO00710), which are highlighted in 
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box “CF” (Figure 5.8A), exhibit increased abundance in mature leaf relative to young 

leaf. By totaling the nSpC of the proteins involved in Calvin cycle, C3-based carbon 

fixation activity is up-regulated by a factor of roughly 6x (16,982 vs. 2818 nSpC in 

mature and young leaf, respectively), a value that is in line with the degree of 

photosynthesis up-regulation reported above. Furthermore, RuBisCO, the key enzyme in 

carbon fixation, accounted for 9,397 nSpC across both mature and young leaves, but was 

enriched over 4.6x in mature leaf (7,721 vs. 1,676 nSpC). 

Though the primary function of RuBisCO is to fix atmospheric CO2 to ribulose 

1,5-bisphosphate (RuBP) through its carboxylase activity, this enzyme can also function 

as an oxygenase in a process termed photorespiration (PR). In this regard, O2 rather than 

CO2 is assimilated, leading to the production of 3-phosphoglycerate (3PG) and 2-

phosphoglycolate (2PG), the latter of which must be metabolized to 3PG for re-entry into 

the Calvin Cycle. This complicated, multi-organelle pathway, however, equates to an 

expenditure of metabolic energy to both convert 2PG to 3PG and to recapture carbon 

(CO2) and nitrogen (NH4
+
) lost in the process. Although the rate of photorespiration is 

exacerbated under hot/dry conditions, it occurs at substantial rates (~25%) even under 

moderate growth conditions
246

. As highlighted in box “PR” (Figure 5.8A), there was up-

regulation of the photorespiration pathway (glyoxylate and dicarboxylate metabolism, 

KO00630), starting with RuBisCO’s oxygenase-dependent production of 2PG through its 

conversion to glycerate (2PG → glycolate → glyoxylate → glycine → serine → 

hydroxypyruvate → glycerate) and involving the necessary accessories 

pathways/enzymes (catalase, glutamine/glutamate cycle and tetrahydrofolate cycle) to 

complete the process. The only enzyme within the pathway not identified to be up-

regulated was glycerate kinase. In total, PR in mature leaf was up-regulated by a factor of 

5x (11,230 vs. 2251 nSpC) relative to young leaf. 
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Figure 5.8. Up-regulated metabolic pathways as dictated by Populus leaf developmental 

stage. Proteins exhibiting differential abundance patterns (ANOVA; p ≤ 0.01) across both 

young and mature leaf were mapped to KEGG pathways using iPath v.2.0 and color-

coded to indicate the degree of protein abundance differences between each 

developmental stage. (A) Proteins with significantly increased abundance in mature leaf 

are labeled in red with brighter shades indicative of larger differences. Highlighted 

pathways (dashed boxes) include photosynthesis (PS), carbon fixation (CF), and 

photorespiration (PR). (B) Proteins with significantly increased abundance in young leaf 

are labeled in green with brighter shades indicative of larger differences. Highlighted 

pathways include nucleotide metabolism (NM), flavonoid biosynthesis (FB), fatty acid 

metabolism (FA), pyruvate metabolism (PM), terpenoid biosynthesis (TB), and TCA 

cycle (TCA). 
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These three major mature leaf-enriched metabolic pathways constitute a proof-of-

concept with regard to the LC-MS/MS platform described in this paper. As mentioned 

above, and further corroborated by these proteomic data, mature leaf appears to have 

“settled” into its primary function. Other less complete pathways were also found to be 

up-regulated, with a portion of them seemingly involved in reacting to oxygenic stress, 

most likely induced by the photosynthetic process itself. For example, L-ascorbate 

peroxidase (EC:1.11.1.11, KO00434) was up-regulated in mature leaf by 3.9x (223 vs. 57 

nSpC) while a 2-cysteine peroxiredoxin (EC: 1.11.1.15, KO03386) was up-regulated by a 

factor of 2.6x (631 vs. 240 nSpC). Both enzymes are known to detoxify reactive oxygen 

species, with the latter previously shown to be targeted to chloroplasts to provide prevent 

photooxidative damage to the photosynthetic membrane
247-248

. Furthermore, three 

enzymes in the pathway for carotenoid and xanthophyll biosynthesis were also slightly 

up-regulated in mature leaf (lycopene beta-cyclase [KO06443], zeaxanthin epoxidase 

[KO09838] & 9-cis-epoxycarotenoid dioxygenase [KO9840]) with modest nSpC 

differences. In fact, the spectral counts from mature to young leaf totaled 26 vs. 0, 

supporting the premise that the mature leaf has enhanced photosynthetic capabilities, 

including pigments that modulate harvested photonic energy in periods of high light and 

act as antioxidants, playing lipid-protective roles in periods of high 

photosynthetic/oxygen generating activity
249-250

. 

5.3.3 Metabolic Pathway Mapping of Young Leaf Highlights a Primary Focus on 

Growth and Development 

Young leaf engages in most, if not all, of the photosynthetic-dependent pathways 

detailed above, albeit with reduced abundance relative to mature leaf. The reduced level 

of photosynthetic-related proteins is countered by a systematic increase in protein 

abundance in several major general biosynthetic pathways, consistent with the fact that a 

young leaf is primarily actively growing and secondarily photosynthesizing. This perhaps 

intuitive observation is apparent upon viewing the pathway map in Figure 5.8B. Relative 

to mature leaf, young leaf shows increases in several metabolic pathways including 

terpenoid biosynthesis (“TB” | KO00900 | ~2.3x | 177 vs. 78 nSpC), flavonoid 

biosynthesis (“FB” | KO00941 | ~1.5x | 58 vs. 39 nSpC), pyruvate metabolism (“PM” | 
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KO00620 | ~1.6x | 1443 vs. 888 nSpC), TCA cycle flux (“TCA” | KO00020 | ~2.0x | 

1282 vs. 630 nSpC), fatty-acid metabolism (“FA” | KO00061, KO00062, KO00071 | 

~3.3x | 321 vs. 98 nSpC) and nucleotide metabolism (“NM” | KO00230, KO00240 | 

~3.3x | 735 vs. 221 nSpC). 

Although each of these pathways, comprised of their respective pools of 

differentially expressed proteins, were found to be up-regulated in young leaf, their 

spectral representation is less abundant relative to observation for regulatory pathways, 

including transcription (KO03020, KO03022, KO03040), translation (KO03010, 

KO00970, KO03013, KO03015, KO03008) and protein folding/sorting/degradation 

(KO03050, KO03018, KO03060, KO04120, KO04141, KO04130, KO04122). Proteins 

involved in the Populus translational apparatus were by far the most abundant in young 

leaf, exhibiting a ~3.6x increase in abundance (15,691 vs. 4,342 nSpC) relative to mature 

leaf. This increase was corroborated by significant increases in both transcription (~3.0x, 

1,875 vs. 630 nSpC) and protein folding/processing (~3.6x, 6,327 vs. 1,731 nSpC). Taken 

together, and including a modest increase observed in DNA metabolism (96 vs. 4 nSpC), 

young leaf regulatory pathways were up-regulated by a factor of roughly 3.6x (23,989 vs. 

6,707 nSpC). The measured increase in protein abundance observed for members of these 

specific regulatory pathways solidify the general observation that young leaf’s primary 

function is growth that is fueled by moderate levels of photosynthesis and carbon 

fixation. 

5.4 Conclusions 

 

As demonstrated, the optimization of sample preparation and instrumentation 

provided the necessary depth to generate detailed proteome maps of each principle organ. 

By combining the proteome maps, we generated a proteome atlas that offers a broad 

overview of the Populus proteome and also the ability to zoom in on specific biological 

features, such as biological pathways and individual proteins. At the highest level, the 

‘zoomable’ proteome atlas facilitated the identification of biological networks that were 

unique to a particular organ but also allowed us to identify the network of proteins that 

define the Populus core proteome. Looking at a pathway-level perspective, we identified 
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several regions of biological pathways were that were unique to a specific organ. The 

proteins that create these discrete regions are likely those positioned at key metabolic 

junctions or branching points, where an organ-specific protein is responsible for altering 

the flow of biological information. For example, we identified a set of proteins unique to 

root, which mapped to the sucrose synthesis/breakdown pathway, and a set of proteins 

unique to stem, which also mapped to the sucrose synthesis/breakdown pathway. In this 

example, the proteins unique to root facilitate the transformation of sucrose into storage 

reserves (i.e., starch), whereas the proteins unique to stem are metabolically positioned to 

transform sucrose into cell wall components. Hence, these proteins are capable of 

directing carbon flow for either nutritional storage or cell wall construction. Clearly, the 

pathway-level perspective will become an indispensable viewpoint when trying to make 

reliable predictions about the response of the cellular system to environmental 

perturbations and experimental manipulations.  

At the protein-level, in addition to identifying proteins with a known biological 

function, a large percentage of each organ proteome consisted of proteins with no known 

function. Though specific biological roles were not determined for these proteins in this 

present study, general observations (i.e., organ location, differential regulation, etc.) 

outlined here provide hypotheses for further interrogation. In addition to providing 

qualitative data describing the protein complement of each organ, the collected data also 

contains semi-quantitative information, reflecting the underlying functional processes and 

mechanisms in each organ-type as weighted by a conservative estimate of protein 

abundance. To demonstrate the precision and comprehensiveness of this semi-

quantitative approach, we explored proteomic differences between the same organ-type 

during two growth stages, young and mature leaf. As detailed above, mature leaf appears 

to function primarily in an autotrophic role consisting of energy generation via its 

photosynthetic apparatus and reduction of CO2 to sugar via its carbon fixation pathway. 

Though other photosynthesis-related pathways were up-regulated in mature leaf (i.e., 

photorespiration and defense against photosynthetically-derived reactive-oxygen 

species), proteins involved in photosynthesis and carbon fixation constitute the majority 

of the quantitative signal. On the other hand, biosynthetic and regulatory functions were 
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relatively up-regulated in young leaf. Even though proteins/pathways for photosynthesis, 

carbon fixation and photorespiration were detected in young leaf, they were less 

represented relative to mature leaf. This information suggests that young leaves partition 

resources between growth and energy production. These observations and data provide a 

“proof-of-concept” with regard to our 2D-LC-MS/MS platform and suggest the 

biological validity of these pathway-centric comparisons, opening the door for future 

hypothesis-driven inquiries into Populus and other complex organisms. Obviously 

caution must be exercised when interpreting these semi-quantitative results, as only one 

biological replicate was available for statistical assessment.  Clearly the inclusion of more 

biological replicates (3-5) would improve the statistical framework of this discovery-

based approach. Nevertheless, the workflow discussed here provides an intellectual 

springboard for future targeted, quantitative approaches. 
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CHAPTER 6 

 

MOVING AWAY FROM THE REFERENCE GENOME: 

EVALUATING SINGLE AMINO ACID POLYMORPHISM 

IDENTIFICATIONS FROM A PEPTIDE SEQUENCING TAGGING 

APPROACH FOR THE GENUS POPULUS 
 

All of the data presented below has been adapted from the following submitted journal 

article: 

 

Paul Abraham, Rachel Adams, Gerald Tuskan, Robert Hettich. “Moving Away from the 

Reference Genome: Evaluating Single Amino Acid Polymorphism Identifications from a 

Peptide Sequencing Tagging Approach for the Genus Populus”. Journal of Proteome 

Research (In review). Sample preparation and mass spectrometry experiments were 

performed by Paul Abraham. RNA-Sequencing derived proteome databases were 

generated by Xiaojing Wang at the University of Vanderbilt. Biological data analysis was 

performed by Paul Abraham. 

 

6.1 Introduction to Populus Genetic Diversity 

 

In contrast to other plant models such as Arabidopsis and rice, which are 

predominately self-fertilizing and consequently maintain low levels of allelic 

polymorphism, the Populus genus is primarily composed of dioecious, self-incompatible 

woody plants
251

. Obligate outcrossing combined with wind-pollination and prolonged 

reproductive life generates highly heterozygous populations with low levels of linkage 

disequilibrium. This mating system results in high levels of gene flow and extensive 

nucleotide variability within and across Populus species, providing an excellent model 

system to investigate the relationship between naturally occurring single-nucleotide 

polymorphisms (SNPs) and phenotypic variation
117

. 

Through association genetics, the discovery of nucleotide variations among 

genotypes has the potential to reveal allelic polymorphisms underlying complex, adaptive 

traits. SNPs can be located either within a protein-coding region or outside coding 

regions. On average, SNP frequency in protein-coding regions is high in forest trees, 
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generally in the order of 1 per 1000 base pairs, SNP frequency in Populus is somewhat 

higher, with an estimate of 1 SNP every 200 base pairs
114

. Nucleotide polymorphisms 

that occur inside coding regions may (non-synonymous) or may not (synonymous) 

change the amino acid sequence of the corresponding protein. Because synonymous 

changes are largely invisible to selective pressure and have few biological implications, 

they are categorized as silent nucleotide variations. On the other hand, non-synonymous 

changes can be under strong selective pressure and because they can directly impact gene 

function, they are the primary focus of most physiological or pathological association 

studies
252

. 

Although SNPs in Populus have been extensively studied over the past decade, 

little attention has been paid to single amino acid polymorphisms (SAAPs) of proteins at 

the proteome level. In fact, only a few efforts have been made to survey SAAPs across 

the Populus proteome. As highlighted in Chapter 3, tandem mass spectrometry (MS/MS)-

based proteomics was employed for the large-scale analysis of SAAPs. In general, the 

available protein databases used for such studies are incomplete with respect to sequence 

variation information. Without taking SNP variations into account, proteomic 

investigations generally fail to identify any protein form containing a SAAP. Therefore, 

we appended predicted protein sequence variations to the original database in order to 

detect novel protein forms. The main disadvantage of this approach, however, is that a 

priori knowledge of SNPs is required. Moreover, this approach is preconditioned on both 

the coverage and quality of the predictions when they are available. Therefore, we argue 

that a more attractive approach considers unexpected single amino acid polymorphisms. 

The high-throughput discovery of protein sequence variants (truncations, post-

translational modifications, or mutations), especially unexpected variants, has seen 

tremendous advancements in recent years
253

. Many database searching algorithms have 

been recently designed to effectively identify unanticipated (blind) sequence variants at a 

global level. One class of such algorithms uses de novo sequencing in order to infer full-

length peptide sequences from tandem mass spectra without requiring a sequence 

reference database
52, 254-255

. A strength of this approach is that the concept of variant 

peptides is not relevant; each spectrum is given an equal opportunity to match any 
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combination of amino acids, regardless of whether the researcher anticipated detecting 

the sequence or not. This technique, however, greatly increases the number of candidate 

peptides compared to each spectrum, consequently incurring not only significant costs to 

processing time but also unacceptable false discovery rates (FDR)
256

. In addition, mass 

spectrometrists have developed and routinely used a hybrid approach between traditional 

database searching and de novo approaches: here peptide sequence tagging (PST) 

algorithms can detect unexpected sequence variants as extensions of partial sequences 

identified from a database
54-55, 257-258

. In particular, the proteome informatics group led by 

David Tabb recently released a two-step methodology involving the DirecTag 

algorithm
57

 for highly accurate PST tag generation, followed by the TagRecon 

software
162

 for the detection of peptide sequence variants through tag reconciliation. In 

brief, short sequence “tags” are directly inferred from a tandem mass spectrum and then 

tags are automatically reconciled against representative peptides from a protein database 

while making allowances for unexpected mass shifts (i.e., mutations and post-

translational modifications). PSTs serve as a filter to effectively reduce the number 

peptide-spectrum matches being scored, which in turn improves costs in processing time, 

sensitivity, and specificity
41

. 

To evaluate a peptide sequence tagging approach for Populus with the ultimate 

goal of globally identifying unknown SAAPs, we employed DirecTag and TagRecon 

software. Using the state-of-the-art LTQ-Orbitrap-Pro platform, we profiled and 

compared two genotypes of P. trichocarpa and revealed a large number of unexpected 

SAAPs that would have otherwise been missed by a traditional database search. The 

sequence variants leveraged from TagRecon demonstrates the value of using peptide 

sequence tagging algorithms to interrogate proteomics data sets, provided that a SAAP 

location could be confidently identified. Therefore, while our initial aim was to 

comprehensively identify SAAPs, we focused on our most abundant sequence variant to 

show that confident site localization remains an important yet challenging task. Since 

others have shown that HCD fragmentation improves the coverage of peptide sequences 

overall, in particular for tryptic peptides up to 15 amino acids in length, we exploited 

HCD fragmentation to further refine a subset of the dataset. 
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6.2 Peptide Identification Using a Standard Database Algorithm 

 

For this study, proteome extracts from three tissues (leaf, root, and stem) were 

harvested from two P. trichocarpa genotypes, ‘DENA’ and ‘VNDL’, and analyzed in 

triplicate on an LTQ-Orbitrap-Pro mass spectrometer. Using standard parameters, the 

collected tandem mass spectra (MS/MS) were searched with MyriMatch
63

 against the P. 

trichocarpa v3.0 protein database and supplemented with the chloroplast and 

mitochondrial proteomes). We employed IDPicker
164

 to filter the resulting peptide-

spectra matches at a maximum FDR of 2% (PSM level) and assemble peptides into a list 

of proteins (Table 6.1). Overall, 69,613 distinct peptide sequences were detected across 

the entire MyriMatch dataset. Because a considerable portion of the observed peptides 

are shared among multiple proteins, assigning peptides to their respective proteins is a 

considerable challenge in Populus. As highlighted in previous chapters, we recommend 

addressing this by incorporating additional supporting information (i.e., sequence 

homology) to better infer the existence of proteins in the sample. Therefore, proteins 

sharing 90% or more sequence identity within the Populus database were collapsed into 

protein groups. 

Of the original 25,550 redundant proteins observed, a total of 9,601 protein 

groups were identified and of those, 3,399 were singletons (i.e., one-membered groups). 

Because both genotypes were grown under identical growth conditions, we expected to 

observe substantial overlap in the proteins that were expressed in both genotypes. Indeed, 

the measured proteins for both ‘VNDL’ and ‘DENA’ shared a high level of overlap 

(~80%). For the purpose of evaluating the depth of coverage achieved, we compared the 

number of protein groups identified against the results in Chapter 4, which at that time 

had achieved the deepest proteome coverage in the genus Populus. Overall, >2,000 

additional protein groups were detected in the current study. 
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6.3 Identification of Sequence Variants Using Peptide Sequencing 

Tagging 

6.3.1 Experimental Workflow and Results 

Sequence variations, manifested by single amino acid polymorphisms, provide 

clues to the genetic structures that induce a pathological or physiological trait. To our 

knowledge, SNPs are widely measured at the transcriptome level, but rarely at the 

proteome level. For the reasons outlined above, we employed a peptide-sequence tagging 

approach to identify SAAPs in Populus. 

Figure 6.1 illustrates the three-step experimental workflow used to identify 

unexpected sequence variants in Populus. The first step uses the MyriMatch search 

engine to identify a confident list of proteins (no unexpected sequence variants 

considered) for each biological sample (Figure 6.1A), and IDPicker was employed to 

ensure only confident identifications were retained. This step serves to dramatically 

reduce the candidate list of proteins (a subset FASTA database) for the blind search that 

follows, with the purpose of improving processing time, sensitivity and specificity of the 

analysis. In the second step, DirecTag infers sequence tags from the MS/MS scans from 

each raw file, followed by TagRecon mass matching the inferred sequences to the subset 

protein database while making allowances for unanticipated mass shifts in peptides. 

IDPicker was employed to filter the resulting peptide-spectra matches at a maximum 

FDR of 2% (PSM-level) and assemble peptides into a list of proteins (Table 6.2). For the 

final step, peptide-spectrum matches observed in MyriMatch and TagRecon were 

compared to obtain a final data set of the highest quality (Figure 6.1B). In addition, 

several proven attestation principles
165

 were applied to further validate peptide sequence 

variants (See Chapter 2.2.2). Table 6.3 presents a summary of the attested results after 

merging the data from the two database search engines. 

In general, the percentage of identified peptides (frequency) and spectra 

(abundance) containing a sequence variant did not seem dependent on the genotype 

(Table 6.4). 
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Table 6.1. Summary of MyriMatch results. 
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Table 6.2. Summary of TagRecon results. 
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Figure 6.1. Computational workflow for the identification of peptide sequence variants. 

This flowchart illustrates the three-step strategy used to identify peptide sequence 

variants from a DirecTag and TagRecon approach.  (A) First, a traditional database 

search was performed by MyriMatch to confidently identify a list of proteins, which was 

used to minimize the search database. In the second step, the DirecTag software provides 

an inferred sequence tag for every MS/MS spectra. TagRecon then reconciles the inferred 

sequence tags against the subset database to identify unexpected mass shifts in peptides 

sequences. Following every search, the IDPicker software applied a variety of score 

combinations to filter the resulting identifications at 5% FDR (B) The MyriMatch and 

TagRecon results were compared to identify the best PSM for every MS/MS spectra. The 

data set was further refined by validating every sequence variant with proven attestation 

rules. 
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Table 6.3. Results after merging MyriMatch and TagRecon data sets. 
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Table 6.4. Frequency and abundance of sequence variants in Populus. 
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We identified a total of 6,653 peptide sequence variants (12% of total identified 

peptides); 4,391 and 4,900 sequence variants for ‘VNDL’ and ‘DENA’, respectively. 

Overall, these sequences mapped to 22,067 proteins and 8,088 protein groups, which 

means a peptide sequence variant was identified in 86% of the proteins observed and 

84% of protein groups.  Although the percentage of peptide sequence variants identified 

seems relatively small, this can be explained by the experimental limitations of the 

approach. In general, the median sequence coverage observed in shotgun proteomic 

experiments employing a trypsin-based schema is often between 20-25%
73

. 

Consequently, we anticipated a limited sampling of SAAPs across individual proteins. 

Nevertheless, we identified a sequence variant for nearly every protein detected. Future 

studies may be warranted to specifically focus on achieving maximal sequence coverage 

by modifying the experimental strategy to incorporate multiple proteases
259-260

, which 

would provide more specificity to the frequencies of SAAPs per protein. 

6.3.2 Types of Variants 

The procedure described above identified a total of 76 types of sequence variants 

(each type denoting an amino acid with a mass shift corresponding to a mutation). 

Noticeably, the occurrence of variants in both genotypes is similar (Pearson correlation = 

0.99). Of those listed, the top 20 most abundant have been highlighted in Table 6.5. 

Peptides and fragment ions containing an oxidation mass shift (+15.99 Da) were 

the most prevalent variant type, representing ~38% of the total assigned spectra for 

variant peptides. While this observation may suggest the two most prominent SAAPs are 

Ala→Ser and Phe→Tyr, we critically evaluated the results by validating each variant 

through manual verification of the MS/MS spectra. In the course of this inspection, we 

observed that the site of +16 Da mass shifts were often in close proximity to a methionine 

residue (see Figure 6.2), which is frequently oxidized during sample processing. 

Correspondingly, the site of a ΔA=32 Da mass shift, which can correspond to double-

oxidation event or two singly-oxidized alanine residues, was also often found near 

methionine residues. Therefore, the source of the most frequent and abundant SAAPs 

could perhaps be explained away as a “shadow” of the most common sampling 

processing artifact. 
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Table 6.5. Top 20 sequence variants observed in Populus. 
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Figure 6.2. Proximity of +16 Da and +32 Da mass shifts to methionine residues. Detected 

peptides containing a methionine residue and either a +16 Da (blue) or +32 Da (red) mass 

shift on a non-methionine residue were plotted. This frequency distribution illustrates the 

degree of adjacency between the modification site and neighboring methionine residues. 
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Though the presence of a mass shift changes the ion fragmentation pattern of the 

corresponding ions, the fragmentation process is often incomplete. Some mass shifts will 

lead to unique fragmentation patterns, enabling a site to be unambiguously located. On 

the other hand, a mass shift that can occur at adjacent residue sites can introduce 

ambiguity and lead to incorrect localization; the candidate peptide variants will have 

similar theoretical fragmentation patterns and thus similar statistical scores. As the 

distance between the two sites increases, complementary site-determining b- and y-type 

ions together should increase a scoring algorithm’s ability to mitigate the ambiguity 

(Figure 6.3). Therefore, we objectively evaluated how this ambiguity diminishes as the 

adjacency decreases. 

The analysis was constrained to ‘DENA’ leaf samples, which contained the 

highest frequency and abundance of ΔA=16 Da mass shifts. Since high mass accuracy of 

fragment ions can help unambiguously annotate fragment ion peaks, a MS run using a 

‘high-high’ strategy, which means full scans (MS) and tandem mass spectra (MS/MS) are 

detected in the Orbitrap analyzer at high resolution and high mass accuracy, was 

simultaneously evaluated with the a MS run that acquired MS/MS scans in the ion trap 

(‘high-low’). The collected spectra were searched by MyriMatch using a directed method 

(See Materials and Methods); only a user-defined mass shift was considered. For both 

MS runs, two directed searches were performed: either a methionine (+16 Da) or an 

alanine (+16 Da) was allowed as a dynamic modification. By searching for the 

modifications independently, the search algorithm interpreted each spectrum, identified 

the mismatch region containing a permissible modification and determined the most 

probable position of the mass shift on either the methionine or alanine. This approach 

enabled the identification of spectra that were annotated similarly, having the same 

underlying peptide sequence but differing by the location of the mass shift, either on a 

methionine or a neighboring alanine. For discussion purposes, these spectra will be 

referred as ‘contentious spectra’ (CS). In total, the MS searches identified nearly the 

same number of CS for each analysis strategy – 37,776 and 38,399 for high-high and 

high-low, respectively. 
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Figure 6.3. Illustration of site-determining b- and y-ions. 
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As anticipated, the number of CS declined as the distance between the methionine 

and alanine sites increased (Figure 6.4A). This observation is the result of an overall 

increase in the number of discriminatory b- and y-ions, which provides a more definitive 

spectral fingerprint. Also shown in this figure, the frequency of CS decreased at a similar 

rate for the two MS strategies. This was expected as both strategies perform collision-

induced dissociation (CID); the MS/MS spectra will contain the same percentage of 

backbone fragmentation. Interestingly, both MS strategies show a clear inflection point 

when the proximity was ~6 amino acid residues. We suspect that this point represents the 

distance that provides the most discrimination between the two types of mass shifts, 1) 

those belonging to a methionine sulfoxide and 2) those more likely due to a SAAP. For 

distances greater than 6, the mass shift locations likely approach the terminal ends of the 

peptide sequence. In general, mass shifts located near the ends of a peptide sequence tend 

to be assigned less reliably than those near the center, which explains why a level of 

ambiguity remains. These observations are further corroborated by comparing the total 

matched ion intensity (MITs) of the b- and y-ion series for each peptide sequences that 

differed only by the location of a +16 Da mass shift. That is, for each ambiguous 

spectrum, we calculated the difference between the total MIT of the methionine (+16 Da) 

sequence and the total MIT of the alanine (+16 Da) sequence. Figure 6.4B shows the 

distribution of the percent difference between two potential sites for each distance. As 

shown, the maximum difference between the two theoretical mass shift sites occurred 

when the site locations were 6 amino acids apart. Although we suspected a high level of 

uncertainty for proximal sites, we demonstrated the likelihood of precise site localization 

is severely diminished when the number of site-determining b and y ions fall below 12. 

Notably, the vast majority of the CS (68% high-high and 70% high-low) belong to 

peptides containing two potential possibilities that are less than four amino acids apart. 

Cleary, these spectra have little or no site-determining information for proper site 

placement, which would be necessary for confident SAAP identification. 
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Figure 6.4. Identifying the level of ambiguity between adjacent mass shift sites. MS/MS 

spectra collected using a high-high (blue) and high-low strategy were interpreted by 

MyriMatch to identify all permissible +16 Da modifications on either alanine or 

methionine residues. Only contentious spectra (CS), MS/MS spectra that matched to the 

same peptide sequence but differed in the placement of the modification (i.e., at alanine 

or methionine), were plotted. (A) The frequency distribution of CS illustrates that level of 

ambiguity is strongly dependent on the distances between two potential modifications 

sites. (B) A matched ion intensity (MIT) was calculated for the two site positions and the 

difference between the matched ion intensity (MIT) values was calculated for each CS as 

a function of the proximity. A moving average trendline was provided for both the high-

high (dashed-line) and high-low (dotted-line) strategy to highlight the earliest maximal 

difference in the matched ion intensities. 
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As others have shown, these observations highlight how precise site localization 

can be challenging for search algorithms when there are few site-determining fragment 

ions
261

. Presently, additional software is available to calculate the probability of correct 

localization for each site
262-265

. Though calculating a probability-based score provides a 

measure of certainty, spectra with insufficient site-determining ions (i.e., peptides with 

proximal residue sites and spectra featuring incomplete fragmentation) remain logistical 

problems. In other words, precise site localization in CID fragmentation spectra can be 

difficult when the distance between the two likely sites is less than 6 amino acids apart. 

Nevertheless, an immediate alternative approach is available to provide additional 

information for discriminating between SAAPs and what we suspect is the most common 

chemical modification mistaken for SAAPs: methionine oxidations (vide infra). 

6.3.2 Identification of Methionine Sulfoxide Sites Using High Energy Dissociation 

(HCD) 

For peptide-sequence tagging, we employed collision induced dissociation (CID), 

which is by far the most frequently used technique in proteomics for peptide sequencing. 

When CID fragmentation techniques are applied, the widely accepted model that 

describes the dissociation process designates b- and y-ion series as the most prevalent 

types
46-47

. The primary fragment ions and their contribution to the overall intensity 

coverage for a single CID run are illustrated in Figure 6.5A. In principle, complete 

coverage of the entire b- and y-ion series ions allows full annotation of the amino acid 

sequence of a peptide. As detailed in the section above, this information may be 

insufficient for definitively localizing mass shifts. However, there are alternative 

fragmentation processes that could benefit this task. 

Introduced in 2007, higher energy collisional dissociation (HCD) fragmentation 

became available on the Orbitrap platforms
266

. In a dedicated collisional cell, peptide ions 

are subjected to a beam-type fragmentation process, where primary fragment ions retain 

kinetic energy and are therefore more likely to fragment again. In general, HCD ion types 

are expected to follow the fragmentation rules modeled from CID. 
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Figure 6.5. Fragmentations statistics of CID and HCD spectra. Only peptide spectrum 

matches (PSMs) meeting the following criteria were graphed: 1) PSMs identified by both 

CID and HCD strategies and 2) PSMs containing at least one methionine and a modified 

alanine (+16 Da) residue. A- (purple), b- (green), and y- (yellow) series were plotted. For 

each CID spectrum (A) and HCD spectrum (B), the percentage of the total ion current 

(TIC) attributable to a particular fragment ion series was plotted. (C) If a spectrum 

contained peaks which could unambiguously assigned as neutral losses from methionine 

sulfoxide, the additional intensity coverage for ambiguous spectra was calculated. (D) As 

an example, the HCD spectrum with the maximum additional coverage achievable (31%) 

was provided. Here, only the top 20 most abundant fragment ions were highlighted. 
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Therefore, regular ions (b- and y-type ions) derived from backbone fragmentation are 

expected to be among the most abundant types observed. Besides a slightly lower 

contribution of the b- and y-ion series to the total TIC collected in each scan, the 

observed primary fragment ions and their overall intensities in a HCD run are comparable 

to CID (Figure 6.5B). A prominent difference, however, is larger contribution of the a-

type ion series, which are derived from b-ions by losing CO. Moreover, as a direct 

consequence of the beam-type fragmentation process, the primary fragment ions are 

subjected to additional fragmentation pathways and consequently give rise to various ion 

types beyond those typically observed in CID
267

. A large portion of such ions are those 

involving neutral losses; the loss of water and ammonia are by far the most frequently 

observed. Another frequently observed class is the neutral loss of an amino acid side 

chain. In fact, the side chain of methionine sulfoxide is prone to cleavage
268

, producing 

ions with a specific neutral fragment loss (NFL). Since search algorithms only consider 

backbone fragmentation (i.e., a-, b-, and y- ions) and some of their neutral losses (NH3 

and H2O), a large percentage of the content in HCD spectra remain unassigned. Though 

many of these peaks belong to internal fragment ions and immonium ions, there are peaks 

which can be unambiguously assigned as neutral losses from methionine sulfoxide, based 

on the knowledge of how they fragment and the calculation of their fragment masses. 

Therefore, we exploited HCD fragmentation to identify the presence and precise location 

of methionine oxidations. 

Again, the analysis was constrained to ‘DENA’ leaf samples and measurements 

were collected by the LTQ Orbitrap Pro mass spectrometer, which features improved 

sensitivity and HCD capability compared to its predecessors. HCD fragmentation was 

performed in the dedicated octopole collisional cell and fragment ions were detected in 

the Orbitrap. To test the suitability of this approach, the collected spectra were searched 

by MyriMatch using a directed method: alanine (+16 Da) was considered as the only 

dynamic modification. With this approach, the search algorithm considers the location of 

the mass shift irrespective of a neighboring methionine sites. Methionine was 

intentionally neglected during the peptide-spectrum matching process to eliminate the 

MyriMatch scoring system from the discrimination process. HCD spectra that matched a 



 

 153 

peptide sequence containing a modified alanine (+16 Da) and at least one methionine 

were further interpreted. This step restricted the analysis to 4,943 spectra, which matched 

to 1,175 peptides. When annotating HCD peptide-spectrum matches, we looked for the 

presence of the characteristic neutral loss ions from the primary fragment ions (a, b, and 

y) of a peptide containing methionine sulfoxide (Figure 6.5D). As mentioned previously, 

the loss of water and ammonia from primary fragment ions are frequently observed. 

Therefore, these additional small molecule losses were taken into consideration when 

applicable. 

For each spectrum, we calculated the percent gain in matched ion intensity when 

considering peaks attributable to the cleavage of a methionine sulfoxide side chain. 

Figure 6.5C depicts their overall contribution for each ion series: 96% of the spectra and 

81% of the peptides exhibit at least one neutral loss from a methionine sulfoxide residue.  

With only a slight increase in the relative abundance of b-ions, the trends observed for 

each ion series (Figure 6.5C) agree with their expected contribution in a typical HCD run 

(Figure 6.5B). The most prominent fragmentation process observed was the neutral loss 

of methane sulfenic acid (CH4SO). This chemical species exhibited a higher percentage 

of side change cleavage relative to the frequencies of the other fragment ions and could 

be observed in 83% of all MS/MS spectra exhibiting side chain loss. Despite only 

occurring when a fragment ion contains a methionine sulfoxide residue, i.e., CH4SO, 

C3H6SO and C3H8SO, the three species could be found relatively abundant in the spectra, 

3%, 1%, and 1% respectively. While their mean contribution to the overall intensity 

coverage was 5%, the maximum additional coverage achievable was 31% (Figure 6.5D). 

The gain in spectral information is promising: if searching algorithms could consider 

these characteristic permutations during the identification process, the false localization 

rate of oxidation events would be minimized. It should be noted, that the HCD 

fragmentation process is not only beneficial for the localization of methionine oxidations, 

but also for other modification events that have characteristic neutral losses, such as 

phosphorylations. 
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6.4 Identification of Sequence Variants by Integrating Genomics, 

Transcriptomics and Proteomics 

 

As described in Chapter 3, SAAPs can be identified by exploiting expressed 

sequence tag libraries or whole-genome resequencing information by appending the 

genomic information to the reference proteome database. Despite the obvious potential to 

survey every molecular variation, this process often leads to an unacceptable increase in 

the database size, which directly leads to a higher risk of false positive identifications. In 

Chapter 6.3, the peptide sequencing tagging method - an effective hybrid approach (has 

elements of de novo and database searching algorithms) limited the search space by 

considering only variations that are extensions of peptides from a reference database - 

promised an unbiased look at the proteome’s molecular phenotype; however, the ability 

to exclusively localize each polymorphism remains an ongoing challenge.  

Amid recent advancements in RNA sequencing (RNA-Seq)
15

, efforts have been 

made to integrate RNA-Seq data into proteomics studies
269-270

. The main advantage of 

using RNA-Seq data over whole-genome resequencing is the lower complexity (absence 

of introns and intergenic regions) and, in addition, RNA-Seq technology offers an 

opportunity to obtain transcript abundances as well as sequence variations concurrently. 

Recently, Wang et al. presented a sophisticated workflow that creates sample-specific 

protein sequence databases from RNA-Seq data to enable more variation-aware protein 

discovery investigations
271

. To evaluate this method, we applied a three-step strategy: (1) 

map RNA sequencing data onto the Populus proteome and identify SAAPs, (2) verify 

sequence variants with bottom-up proteomics, and (3) validate identifications with 

whole-genome resequencing data. For this investigation, we integrated results of (a) 

whole-genome resequencing, (b) RNA sequencing, and (c) MS/MS protein sequencing 

from stem tissue of the P. trichocarpa genotype ‘DENA’. 

As the first step, high-throughput RNA-Seq data (Illumina; 3 replicates; 50bp 

paired-end)
118

 was aligned
272

 to the P. trichocarpa reference genome (v3; 73,013 

transcripts/proteins). Table 6.6 provides a summary of the mapping results. 
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Table 6.6. Summary of RNA-seq mapping results. 
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Among the 31,269,588 reads, 72% were mapped to the genome. Next, SAMtools
273

 were 

used to call sequence variations. To reduce the number of false positives, the data was 

filtered based on the following criteria: (i) SNP quality above 20, (ii) mapping quality 

above 25, (iii) coverage above 6, and (iv) an alternative base must be supported by at 

least 3 reads. Table 6.7 shows the total number of single nucleotide variations (SNVs) as 

well as the SNVs locations. Generally speaking, the majority (93.61%) of SNVs were 

located in exon regions. According to the comparison of RPKM
274

 distribution for exon 

and intron regions (i.e., an estimate for the absolute expression levels of transcripts), we 

used an RPKM threshold of 1 to remove the transcripts with low expression level – that 

is, those detected transcripts with RPKM values less than 1 are likely background noise. 

Nonsynonymous SNVs (i.e., SAAPs) which were located in the coding region were 

introduced into the protein sequences. Using the above criteria, we constructed a 

customized proteome sequence database (63, 241 total sequences; 46,423 RPKM >1; 

15,278 SAAPs), which was used to search the MS/MS data collected from the ‘DENA’ 

stem sample. In brief, all MS/MS spectra were searched with the MyriMatch algorithm 

against the customized database. Following the search, peptide identifications were 

assembled into proteins and filtered by IDPicker to achieve a FDR of <2% (PSM-level). 

In order to compare the results across all three levels of data 

(genome::transcriptome::proteome), each protein/transcript identified was referenced by 

its gene name, which effectively reduced the complexity of the analysis - a single gene 

can have multiple transcript names (i.e. protein names) as a result of alternative splicing. 

In order to localize each genetic variation to only a single location in the genome, we 

required that (1) each peptide sequence to be unique to a particular gene and (2) each 

peptide sequence only occur once in a particular protein/gene. Using these filters, we 

identified 313 SAAPs, which mapped to 284 genes. Since whole-genome sequencing 

data has been made available for ‘DENA’
114

, we were able to provide an additional level 

of validation. Of the 313 SAAPs that were confidently identified, 185 (~60%) were also 

identified by whole-genome resequencing. 
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Table 6.7. Gene location of single nucleotide variants. 

 

 

 

  



 

 158 

We suspect that this discrepancy is likely an artifact of insufficient sequencing depth in 

the whole-genome resequencing data. To explain away this discrepancy, we are currently 

assessing the level of sequencing depth for each SAAP chromosome position across each 

data set. While additional analysis regarding the biological relevance of these genes has 

not yet been performed, we suspect that further characterization may reveal that these 

genes are involved in biological processes responsible for adaptive physiological 

responses. 

Since Populus is a diploid organism (i.e., has two matching sets of chromosomes), 

each gene will have a pair of alleles and, in general, alleles vary in their degree of 

zygosity (i.e., the degree of their genetic variation). Therefore, for each SAAP call 

identified, we determined whether the position was homozygous (i.e., identical) or 

heterozygous (i.e., two alternative variants). For zygosity determination at each location, 

we used the maximum likelihood estimator of the allele frequency (assuming Hardy-

Weinberg expectations
275

). Out of the 185 SAAPs, 105 positions were homozygous and 

80 were heterozygous. For 37 of the heterozygous locations, we identified both versions 

of the peptide (Table 6.8). 

To investigate the potential impact of the identified SAAPs, we used the SNAP 

(screening for non-acceptable polymorphisms)
276

 method to calculate whether the amino 

acid substitution are predicted neutral (i.e., no effect) or non-neutral mutations. The 

calculation is based on protein sequence-based predictions of solvent accessibility and 

secondary structure from PROF
277

, flexibility from PROFbval
278

, function effects from 

SIFT
279

, as well as conservation information from PSI-BLAST
280

, PSIC
281

 and PFAM
232

 

annotations. As an output, SNAP reports three values: (1) a binary prediction 

(neutral/non-neutral), (2) a reliability index (RI; range 0 to 9), and (3) the expected 

accuracy. Overall, only 3 of the heterozygous alleles had a sequence variation that was 

considered non-neutral. 
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Table 6.8. Peptides identified from heterozygous genes. 

 

 

 

* There are two types of heterozygous peptides: “Hetero | Ref” (i.e., peptide variants that 

match the reference genome) and “Hetero | Alt” (i.e., peptide variants that are specific to 

the DENA genotype). A spectra count (SpC) was provided for both alleles. SNAP results 

were obtained for each variation. The status (non-neutral or neutral), the reliability index 

(RI), and the accuracy. 
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Interestingly, two peptide variants of the protein (Potri.001G358300.1) had almost 

a four-fold difference in their total number of spectra count (19 SpC versus 69 SpC), 

suggesting that the two protein isoforms have different allele frequencies. In an attempt to 

elucidate a functional role, we searched the protein sequence against the Pfam database. 

By investigating protein family membership, two functional domains could be identified: 

RSN1_TM (amino acid residues 5 through 165) and DUF221 (amino acid residues 314 

through 636). The RSN1_TM family often represents the first three transmembrane (TM) 

regions of a 9-11TM protein that are associated with late exocytosis and is associated 

with Golgi transport of vesicles to the cell surface
282

- a transmembrane prediction using 

Hidden Markov Models (TMHMM) analysis revealed that the protein has 9 TM-helices 

(Table 6.9). Unfortunately, the DUF221 domain has no known function. To examine 

whether the function of the protein has been identified in another organism, we searched 

the protein against the BLASTP database. One of the top hits was an A. thaliana protein 

with 67% sequence similarity which has been annotated as early-responsive to 

dehydration 4 (ERD4). In general, osmotic homeostasis is maintained in a cell through 

continuous cycles of rehydration-dehydration, where water and solute flux is under 

equilibrium. When a cell becomes dehydrated, it becomes depolarized. As a stress 

response, the cell must target efflux protein pumps to the plasma membrane in order to 

polarize the cell, reducing the internal concentration of solute which, in turn, allows water 

enter the cell (i.e., osmosis). Interestingly, it has been shown that RSN1-TM domains are 

found in proteins required for maintaining ion homeostasis in cells. In one particular 

study, the protein played an important role in maintaining cellular polarity by sorting 

plasma membrane proteins, targeting a sodium pumping ATPase to the cell surface
282

. 

Due to their structural similarity, it is logical to assume that the Populus protein 

(Potri.001G358300.1) plays an important role in the interaction of secretory vesicles with 

the plasma membrane in order for the cell to maintain cellular homeostasis. 

Because structure likely plays an important role in its targeting mechanisms, we 

assessed the location of the SAAP and how that might impact the secondary structure of 

the protein. 
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Table 6.9. Transmembrane helix prediction results for Potri.001G358300.1. 
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Figure 6.6. Illustration of Jpred results for the heterozygous peptides for protein 

Potri.001G358300.1. Here, a four turn alpha helix is represented as a red “H”, an 

extended strand in a beta-sheet conformation is represented as a yellow “E”, and a buried 

amino acid residue in a secondary structure is represented by a red “B”. The blue box 

highlights the amino acid position under investigation. (A) Allele A contains a threonine 

amino acid residue at position 284. (B) Allele B contains an isoleucine amino acid 

residue at position 284. A portion of the original sequence (OrigSeq) is provided as the 

following Jpred results: Jnet (the final secondary structure prediction), Jhmm (Jnet 

Hidden-Markov model prediction), Jpssm (Jnet PSIBLAST position-specific scoring 

matrix profile prediction), Jnet 25, 5, and 0 (Jnet prediction of burial, less than 25%, 5%, 

and 0% solvent accessibility), and Jnet Rel (Jnet reliability of prediction accuracy, ranges 

from 0 to 9, larger is better). 
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To see how the non-neutral SAAP (T284) might impact protein structure, we submitted 

the two protein sequences to the JPRED 3 secondary structure prediction server
283

. For 

discussion purposes, the two proteins will be referred to as Allele A (carries the non-

neutral mutation) and Allele B. As shown in Figure 6.6, the SAAP occurs at a highly 

conserved location, which is at the second position of a predicted alpha helix. As 

illustrated in the TMHMM results, this specific helix is located on the inside of the cell. 

The substitution from an isoleucine to a threonine is predicted to impact the secondary 

structure of the protein by not only changing the physiochemical properties of the helix 

it’s located on, but also upstream and downstream secondary structures (Figure 6B). 

Although further analysis is required, we suspect that these structural changes likely alter 

how Allele B interacts with its target protein(s) and, since Allele B was more abundant, 

this is likely a favorable substitution. 

6.5 Conclusions 

 

 Here we implemented automated sequence tag inferences (DirecTag) and 

reconciliation (TagRecon) for the identification of unanticipated sequence variants at a 

global level. Together, careful search space selection and the availability of high mass-

accuracy data maximized the sensitivity of the experiment and improved the overall 

integrity of the data set. The large-scale study yielded a broad and quantitative view of 

the frequencies and abundances of various single amino acid polymorphisms in Populus. 

Despite the limited sequence coverage afforded in a typical bottom-up approach, peptide 

sequence variants were nearly observed in every protein. Overall, we were able to 

generate a dataset containing 6,653 attested peptide sequence variants. 

 Though we have shown the potential of peptide sequencing tagging in Populus, a 

high-throughput and automated assignment of mass shifts to the correct amino acid 

remains a challenge for these large-scale studies. A widely acknowledged problem, 

precise site localization becomes difficult when multiple residues within a single peptide 

can be modified. When the distance between two potential sites decreases, the theoretical 

fragmentation peaks of the two candidate annotations become more similar. As a result, 

there are fewer site-determining ions available to uniquely assign a mass shift to a 
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specific residue. Especially since the CID fragmentation process is often incomplete, the 

identification of a full series of the b- or y-ion type is rarely achieved. Although search 

algorithms report the highest scoring modified peptide, insufficient site-determining ions 

may lead to the incorrect localization of mass shifts. These shortcomings were clearly 

apparent in our study, as the most abundant chemical modification could masquerade a 

sequence variant (Ala→Ser). Currently, there are more sensitive approaches available, 

such as the ASCORE method, which calculate a probability-based for specific site 

locations. Although these scores can generally discriminate alternative sites, a smaller 

spacing of the two sites within a peptide sequences can lower the performance of the 

scores. Within our data set, the spacing of alternative sites within a peptide greatly 

influenced localization of the mass shift: the maximum discriminating evidence did not 

occur until two alternative oxidation sites were 6 amino acids apart. More importantly, 

peptides with potential sites <4 amino acids apart (~70% of all the CS) had insufficient 

evidence for confident site placement. 

 Owing to the frequency of methionine oxidations, we exploited HCD 

fragmentation to assess their location objectively without the need for using probability-

based scores. Because the HCD fragmentation behavior of methionine sulfoxide 

containing peptides can be quite distinct, we were able to empirically collect information 

that facilitated the localization of ambiguous +16 Da mass shifts.  In contrast to CID 

spectra, in which only the regular ion series (a, b, and y) are available, HCD spectra 

contain characteristic neutral fragment loss ions which enabled the explicit identification 

of methionine sulfoxide residues. If search algorithms could make use of the available 

additional spectral information, we suspect that HCD will enable improved site 

placement for de novo sequencing and hybrid peptide sequencing tagging-based 

approaches. 

 In addition to the PST approach, we implemented an integrated omics-based 

approach to identify SAAPs. Collectively, the integration of genomics, transcriptomics, 

and proteomics provided a more confident set of SAAP identifications. In general, we are 

hopeful that the data obtained can be used to help advance the peptide sequence tagging 

algorithms or, more broadly, de novo algorithms. One advantage of using the bottom-up 
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approach for SAAP characterization is that we can now further interrogate the identified 

allelic frequencies at the protein level and, perhaps, quantitate the relative abundance of 

both protein isoforms. This approach, for instance, could be used to detect the relative 

excess or deficit of certain allelic frequencies across a natural population, providing 

information that lead to the discovery of a novel protein form that is responsible for a 

favorable phenotype. Furthermore, rather than just focusing on SAAPs, this framework 

could be adjusted for the identification of novel alternative splice forms as well as 

insertion/deletion events. Currently, we are expanding the scale and scope of the 

integrated omics-based analysis to a second P. trichocarpa genotype as well as other 

tissue types. 
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CHAPTER 7 

 

FUTURE OUTLOOK, REMAINING CHALLENGES, AND 

CONCLUSIONS 
 

7.1 Overview 

 

The ability to identify and quantify proteins with high precision in Populus 

samples is an essential requirement in bioenergy research. Although mass spectrometry-

based proteomics has emerged as a promising technique for such precise 

characterizations, its full potential had not been realized for Populus. In Chapter 1, three 

specific goals were outlined: (1) design a bioinformatic workflow that addresses a protein 

inference problem with respect to genetic duplications develop methods to maximize 

protein identification, (2) develop a method to maximize protein identifications, and (3) 

develop a mass spectrometry-based method for the identification of single amino acid 

polymorphisms. Described in Chapter 3, a bioinformatics approach was developed to 

better define the measured proteome. By grouping proteins together by sequence 

similarity, proteome data sets were improved with respect to protein inference because 

they are richer in relevant information and omit information on shared peptides that could 

not be conclusively mapped to the proteome. The ability to accurately compile and 

organize the collection of data into a proteome map better defined the achievable 

coverage. A method to maximize proteome coverage in the genus Populus was described 

in Chapter 4 and implemented in Chapter 5. The development of enhanced protein 

retrieval through a detergent-based lysis approach and maximized peptide sampling via 

the dual-pressure linear ion trap mass spectrometer (LTQ Velos) facilitated the 

identification of 25% of the predicted proteome space. The technological advancements, 

specifically spectral-acquisition and sequencing speed, afforded the deepest look into the 

Populus proteome, with protein abundances spanning 6 orders of magnitude. In the 

emerging systems biology paradigm, there is a strong emphasis on determining the 

context of proteins within a biological system. Therefore, the ability to comprehensively 
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identify proteins was exploited to create a Populus proteome atlas, representing a visual 

collection of the data by highlighting relationships of the spatial arrangements of proteins 

as well as their abundance. The proteome atlas offered varying proteome perspectives 

that depicted a complex wiring of biochemical reactions with varying resolution. 

Emulating developments in genomics and transcriptomics, two methods were developed 

to decode the plasticity of the Populus proteome. In order to detect polymorphic 

deviations from a static reference genome, two different approaches were made available. 

Without a priori knowledge of sequence variants, a peptide sequence tagging (PST) 

approach was developed and implemented to reveal a large number of unexpected 

SAAPs that would have otherwise been missed by a traditional database search 

algorithm. With parallel availability of genomic and transcriptomic information, an 

integrated omics-based approach becomes feasible. Described in Chapter 6, an 

approached was developed to combine information from genomic, transcriptomic, and 

proteomic data sets to confidently identify single amino acid polymorphisms. By 

enabling the identification of single amino acid polymorphisms at the protein level, these 

two methods will improve our understanding of natural variation across the genus 

Populus and provide a useful approach to characterize the mechanisms underpinning 

target traits. Altogether, the developments described in Chapters 3-5 will greatly benefit 

the characterization of the genus Populus and potentially other eukaryotic organisms as 

well. Chapter 6 outlines how the developments provide a springboard for future studies. 

For Populus proteomics, this means that the emphasis will shift from the continued 

discovery of proteome maps towards determining the relevant biological information 

about proteins in the context of a biological system. In addition, this chapter outlines 

current challenges as well as a discussion of what has accomplished in this dissertation 

and how that impacts life science in general. 

7.2 Status of Populus Proteome Characterization 

 

 As discussed in Chapter 3, utilizing protein grouping as an approach to assemble 

peptide sequences into proteins afforded a straightforward and accurate way to report the 

proteins present in each Populus sample. Although protein grouping was initially 
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designed for the Populus proteome, data acquired from human as well as microbial 

community samples will also require a similar, if not the same, approach. Like Populus, a 

large percentage of the proteins expressed by human cells are homologous proteins or 

splicing variants (see UniProt website). Therefore, the bioinformatic approach described 

in this dissertation could be readily applied to future studies involving human samples. 

Since prokaryotic organisms have highly reduced genomes with very little sequence 

redundancy, one would not expect a population of prokaryotic cells to generate a large 

number of shared peptides. However, when dealing with microbial communities, peptides 

can map to similar proteins from different strains of a particular organism or, for diverse 

communities, peptide will likely map to highly conserved protein motifs. For example, 

the human gut microbiota is an assortment of a number of bacteria, archaea, viruses, and 

unicellular eukaryotes. In fact, a recent study suggests that the human gut microbiota 

consists of over 1,000 bacterial species. Although protein grouping by sequence 

homology can be implemented, this may eliminate any strain-resolving resolution. Also 

within the collection of microorganisms, there are microorganisms that perform similar 

roles - for example, there is methanogenic microbiota which produces methane as an end-

product of amino acid metabolism – and therefore it is likely that these proteins share 

similar functional domains. In this scenario, a slightly different protein inference 

approach may be required because, rather than entire protein sequences sharing 

homology, only a small percentage of each protein will be shared. That is, protein 

grouping by sequence homology may not be the best approach because this would require 

sequence similarity thresholds to be significantly lower (i.e., near 50%), which would 

lower the resolution to protein families (i.e., only a functional perspective would be 

available).  

 Five years ago, an extensive LC-MS/MS analysis (60 MS/MS runs) on stem 

tissue culminated in the identification of ~7,500 protein sequences. Today, one can 

readily identify ~10,000 protein sequences in a single LC-MS/MS when the established 

experimental framework is applied – the cumulative result of method and technical 

developments discussed in Chapter 4 and implemented in Chapter 5. With this 

established framework available, future studies should perform comparative analysis of 
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numerous Populus molecular phenotypes. Specific to the bioenergy research effort, future 

experiments should generate proteome maps for trees containing favorable traits such as 

disease resistance, drought tolerance, increased photosynthesis, and greater carbon 

allocations to stem diameter versus height growth. Analyzing global proteome changes 

could provide important information regarding the biological processes and pathways that 

are involved in establishing alternate phenotypes. Also highlighted in Chapter 5, another 

key advantage of bottom-up proteomics for systems biology is the capability of 

quantifying proteins. In general, the semi-quantitative label-free approach could provide 

indispensable information that guides the development of more targeted approaches. For 

example, the information gleamed from a discovery-based approach could be used to 

create an LC-MS/MS that only focuses on a particular pathway of interest. In this 

scenario, a list of known peptide precursor ion m/z values could be used to construct a 

data-dependent inclusion list. Rather than dynamically excluding m/z values during the 

course of a LC-MS run, the analyzer only triggers fragmentation for ions within the user-

specified inclusion list. Using this approach, future studies could rapidly compare, with 

higher sensitivity, the relative abundance of pathways across multiple sample sets. Within 

the scope of bioenergy research, the approach should be applied to profile Populus and, 

eventually, switchgrass reduced-recalcitrance lines that have been identified through 

association genetics. Although the method and technological advancements were geared 

towards plant samples, similar versions of the experimental strategy have been 

implemented for other sample-types, such as the human gut microbiome.   

 Since SAAPs are expected to be a major cause of bioenergy-related phenotypes, 

the methods described in Chapter 6 will likely be applied in future studies to detect and 

quantify polymorphisms that affect the structure and/or function of a protein(s). In more 

broad applications, the use of the methods described in this dissertation should become 

more widespread in cancer-related research. In this case, proteomics data could reveal 

unexpected sequence variants that cause proteins to acquire oncogenic properties by, such 

as increase protein expression or a gain of function. In addition, the ability to generate 

RNA sequencing-derived proteome database should not only facilitate the identification 

of single nucleotide variants, but novel alternative splice forms as well. In fact, as the 
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technologies improve and become more widely available, it becomes viable to integrate 

some level of RNA-seq data with all future proteome data sets. Furthermore, RNA-seq 

derive proteome database will likely become the mainstay for studies with incomplete 

reference protein sequence databases (for example, microbial communities).  

7.3 Status of Experimental Strategies and Remaining Challenges 

 

Although a method for protein extraction has been demonstrated in this 

dissertation, the complexity of the resulting peptide mixtures remains problematic, 

necessitating further developments. With the current the experimental design, there are 

likely over 10,000 different protein isoforms that are being extracted and processed as a 

single unit. After digestion with trypsin, the highly complex peptide mixtures are 

separated by chromatography. Conservative estimates of the number of peptides present 

in standard MS analysis of complex cellular lysates suggests that there are likely over 

100,000 detectable peptides available for identification. At present, developmental efforts 

have so far mainly concentrated on improving the separation of peptides prior to analysis 

and MS parameters to improve the identification rate of peptides (vide infra). However, it 

would be interesting to investigate how protein fractionation can improve proteome 

coverage. To date, the most widely applied protein fractionation is a gel-based approach 

(i.e., 1D-PAGE), in which proteins are separated by their size (i.e., molecular weight). 

One of the advantages of separating proteomes by size is that they fraction in a predicable 

fashion, such that one can select the number of fractions collected. In fact, such 

predictability can permit the isolation of proteins, allowing the enrichment of specific 

classes of protein isoforms. Unfortunately, there are many known disadvantages of using 

gel-based approaches - the most serious limitation is protein recovery. As an alternative 

to gel-based approaches, proteins are commonly fractionated by ultracentrifugation 

strategies. However, these approaches are inherently labor intensive and offer poor 

degree of resolution and recovery. Recently, improved proteome coverage has been 

demonstrated using gel-eluted liquid fractionation entrapment electrophoresis 

(GELFrEE). First described by Alan Doucette and colleagues, the new fractionation 

scheme provides the ability to perform molecular weight-based fractionation with liquid 
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phase recovery. The typical GELFrEE system consists of a continuous elution column, 

where proteins are electrophoretically eluted (i.e., eluted) from the end of the column and 

subsequently trapped in a collection chamber. One of the main benefits of the gel-free 

fractionation system is that it is immediately compatible with the current sample 

preparation procedure. In addition, the gel-free procedure partitions the complex protein 

mixtures into user-selectable molecular weight fractions. Using this device, Populus 

protein mixtures could be fractionated (number of fractions is yet to be determined) in 

order to reduce the complexity of the analyzed peptide mixtures. Although this would 

increase the number of samples that need to be performed per sample, the potential gain 

in dynamic range and the overall number of protein identifications would arguably 

outweigh this disadvantage.  

Another challenge is sequencing as many peptides as possible in a single LC-

MS/MS run. Even with more sophisticated sample preparations and chromatography, 

emphasis must be placed on optimizing data-dependent acquisition parameters. Despite 

technical advances, the entire population of peptides being analyzed at a particular time 

exceeds the threshold of MS/MS peak picking. Therefore, data-dependent acquisition 

parameters must be optimized to ensure that time is not wasted collected unusable 

fragmentation information. Currently, when using data-dependent acquisition on state-of-

the-art instrumentation, roughly 300,000 MS/MS spectra can be collected per MS 

analysis. Out of those collected, only around 50% of those spectra result in the 

identification of a peptide sequence. Though many of the unassigned MS/MS spectra are 

not identified because their corresponding peptide is not investigated (for example, post-

translational modifications; vide infra), many spectra remain unassigned because they are 

low-quality spectra (i.e., high-signal to noise and poor representation of fragment ions). 

To improve data acquisition, one must sample each detectable peptide at their highest 

signal in order to obtain the highest quality MS/MS spectra, while avoiding the collection 

of low-quality spectra. Since many low-quality spectra belong to identifiable peptide 

sequences, a data-dependent method should be designed to ensure that peptide 

fragmentation occurs when the signal of a peptide is at its highest point (i.e., the 

chromatographic peak apex), resulting in more high-quality spectra. When designing this 
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approach, one could optimize the available dynamic exclusion parameters. Specifically, 

emphasis should be placed on the number of repeat counts and the duration in between 

repeat analysis. Since the average elution time of a peptide is ~1 minute, a repeat count of 

2 and a repeat duration of 30 seconds may prove the most optimal setting. In order to 

avoid the collection of low-quality spectra entirely, the MS analyzer could be 

parameterized to trigger fragmentation only on isotopic packets with an identifiable 

charge state or when an ion signal is above an acceptable threshold. Currently, 

fragmentation occurs regardless of charge state determination. If fragmentation was 

restricted to only precursor ions with a discernible charge state, not only would parts per 

million (ppm) mass tolerances become applicable, but also the quality of the MS/MS 

spectra would be higher. Moreover, the exclusion of +1 charge states should be enforced, 

since they contain less fragmentation information. Although some form of these 

optimizations currently exists in the proteomics field, they have yet to be optimized and 

tested for Populus samples. Even with advanced inclusion and exclusion features for 

peak selection, the identification of all detectable peptide sequences during an LC-

MS/MS analysis still requires improvements in sequencing speed, sensitivity, and higher 

resolution precursor selection and isolation. 

Though a method has been described in this dissertation for the identification of 

SAAPs, Populus MS/MS data remains to be searched for unexpected post-translational 

modifications. Of particular interest is the identification of glycosylation events. 

Glycosylation is considered one of the most important and most common form of post-

translation modifications in plants, yet it is also considered the most difficult to analyze. 

Today, considerable work has been done to characterize the glycoproteome (i.e., the 

global analysis of glycoproteins) for many organisms; however, zero reports are available 

that detail a systematic screening of any plant glycoproteome. Clearly, this is a 

remarkable deficiency in the proteomics field. Though there are several challenges to 

overcome, an experimental strategy should be designed to characterize the Populus 

glycoproteome. Today, the major challenge of comprehensive glycoproteomic analysis 

arises from the variety of carbohydrates that can be linked to a protein. Though MS/MS 

fragmentation can be applied to identify the composition and structure of these 
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modifications, it is currently not feasible to comprehensively characterize these 

modifications in a global scale. Therefore, a glycoproteome analysis should focus on 

identifying which proteins are modified as well as the location of each modification. To 

accomplish this, an experimental strategy should include glycoprotein enrichment, a 

deglycosylation step and tandem mass spectrometry, followed by bioinformatic 

interpretation using the approach outlined in Chapter 6. In addition to glycosylation, the 

approach described in Chapter 6 should also be used to broadly identify other unexpected 

PTMs (i.e., methylation, acetylation, ubiquitination, phosphorylations, etc.). Like SAAP 

identifications, the precise localization of a PTM will be the most challenging task. 

7.4 Concluding Perspective 

 

 With tremendous foresight, Nobel Prize Laureate J.J. Thomson observed in his 

book “Rays of Positive Electricity and Their Application to Chemical Analysis" that a 

new technique would be highly profitable to chemistry and solve many problems with 

“far greater ease” than by any other technique used to analyze chemicals. Over a century 

ago, J.J. Thomson developed the first mass spectrometer in which he observed that lighter 

atoms behaved differently than heavier atoms in a cathode ray tube. By measuring one 

physical property, mass, his fundamental measurement laid the foundation for scientific 

breakthroughs, which began with the discovery of a number of isotopes, their relative 

abundance, and their exact masses. As stated in Chapter 1, mass spectrometers constitute 

a large, very diverse, and widely applied family of analytical platforms that are used to 

identify unknown compounds, quantify known compounds, and elucidate the structure 

and chemical properties of simple molecules as well as complex macromolecules such as 

proteins. At the intersection of mass spectrometry and molecular biology, proteomics has 

become an indispensable field of study that continues to play an essential role in 

connecting genotypes to molecular phenotypes. 

 Although mass spectrometry-based proteomics has become more accessible to 

scientists with varying levels of expertise, the high cost of state-of-the-art equipment, 

which is in constant transformation, has restricted most high-impact proteomic analyses 

to a relatively small number of laboratories. Therefore, even though highly confident 
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identification of 10,000 proteins has become feasible in Populus, many studies still report 

only a 1,000 or fewer highly abundant protein species because they are limited by the 

available technology. No doubt, until this technological gap is reduced, the 

developmental pace of the field will remain relatively slow when compared to genomics 

or transcriptomics. The main reason for this discrepancy is that, unlike the sequencing of 

a genome and transcriptome, which conceptually and technically have become somewhat 

streamlined, there is no “kit” or protocol that is amenable to all types of proteomes. 

Likewise, there is currently no sequencing platform and computational infrastructure that 

can be used to rapidly sequence and assemble proteomes. As demonstrated in this 

dissertation, MS-based approaches and instrumentation are constantly being developed 

transformed in order to match the proteome under investigation. 

 Though the methods in this dissertation were developed and applied specifically 

for the genus Populus, I predict that some form of these methods will be applied to other 

species as well, such as humans. Due to the emerging field of systems biology, these 

powerful qualitative and quantitative methods will, without a doubt, be a critical asset in 

linking the physical and functional interactions of proteins to the dynamic networks that 

ultimately determine phenotypes. As a result, most scientists will gravitate away from the 

analysis of a small set of proteins towards comprehensive and reproducible large high-

quality data sets that are being made available via MS-based proteomics. In this paradigm 

shift, there should be less emphasis on myopic investigations that focus only on a few 

protein “favorites” and more emphasis on discovery investigations that explore and 

broaden the scope of the measurable proteome. With the ever increasing technological 

advancements, these types of explorations should enable the detection and quantification 

of every protein within a defined proteome. Of course, it will be equally important to 

continue developing effective computational frameworks for the integration the 

knowledge made available at each omics-level. In addition, better integration of 

proteomics data with phenomic information will be necessary to not only construct 

biochemical networks, but also how these networks are perturbed by various endogenous 

or exogenous cues – an essential step in bridging a genotype and phenotype. 
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