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Transcription and translation are the two most important central mechanisms to 

control gene regulation in living organism. Although these two mechanisms have been 

studied intensively for last several decades, it is still not clear how all the information 

encoded on genomic DNA is converted to mRNA and proteins, the molecular functional 

components that change the characteristics of cells, depending on their needs. Here, I 

investigated the gene regulation of opportunistic bacterium Pseudomonas aeruginosa, 

using recently developed high-throughput techniques, microarray for transcriptomics and 

LC-MS/MS for proteomics. By analyzing transcriptome of 17 strains isolated over time 

from three individuals with cystic fibrosis, I identified 24 genes showing significant 

expression changes consistently across all strains, as evidence of parallel evolution of 

common traits that were beneficial in establishing chronic infection. Also, by analyzing 

proteome and transcriptome of two reference Pseudomonas aeruginosa strains, PAO1 

and PA14, under growth condition mimicking in vivo nutrition environment in cystic 

fibrosis patients, I revealed that protein abundances are less correlated than mRNA 

abundance between them, and many proteins known as virulence factors showed different 

abundances only in protein level, demonstrating that post-transcriptional regulation is 

important to understand pathogenesis of Pseudomonas aeruginosa. To boost sensitivity 
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both in identification and quantification in shotgun proteomics, I also created a novel 

integrative database search algorithm, and released freely available software package 

termed in MSblender. These results would be valuable information for the research 

community to understand the regulatory mechanism of gene expression both in 

transcription and translation, especially related to infectious diseases caused by 

pathogenic bacteria. Also, I present an integrative analysis method would be generally 

beneficial to extract more information from conventionally used shotgun proteomics 

experiments. 
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Chapter 1. Introduction 

 

Recently developed high-throughput techniques, such as microarrays, tandem 

mass spectrometry, and next-generation sequencing, have allowed the large-scale study 

of information flow at the molecular level in living organism. Although we have 

expanded our understanding about how information encoded in genomic DNA is 

converted to RNA and protein, previous studies have shown that mRNA and protein 

abundances within an organism are less correlated than expected, both in 

eukaryotes(Vogel et al., 2010; Laurent et al., 2010; Schrimpf et al., 2009; Schwanhäusser 

et al., 2011; Lu et al., 2007) and prokaryotes(Lu et al., 2007; Laurent et al., 2010; Nie et 

al., 2006b, 2006a; Maier et al., 2011).  

In particular, prokaryotes have exhibited less correlation between protein and 

mRNA abundance than eukaryotes(Lu et al., 2007), suggesting intricate (or unknown) 

post-transcriptional regulatory mechanisms to control protein abundance in prokaryotes. 

Because many genes involved in the same pathway are co-transcribed in bacteria as a 

single transcription unit (operon), more complicated post-transcriptional regulation 

mechanisms may be necessary in prokaryotes for fine-tuned regulation of protein levels. 

The riboswitch is a classic example of a translational regulation mechanism in 

bacteria, decoupled to transcription (Breaker, 2011). In addition to cis-regulatory 

mechanisms, like the riboswitch that can control its own protein level, several trans-

regulatory mechanisms, such as small RNAs (Sonnleitner and Haas, 2011; Sonnleitner et 

al., 2009) and RNA-binding proteins (Vogel and Luisi, 2011) have been studied. 

However, most of these studies focused on either individual regulatory machinery or 

indirect regulatory targets as measured by transcriptome experiments, so global changes 
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affected by post-transcriptional regulation were not fully revealed. Recently published 

large-scale proteomics studies (Maier et al., 2011; Hare et al., 2012) together with 

accompanying transcriptomics experiments provided valuable information to understand 

translational regulation in each bacterium. However, although they reported discordance 

of mRNA and protein abundances, they did not analyze their data in the context of post-

translational regulation thoroughly. 

Using Pseudomonas aeruginosa as a model system, here I have investigated 

transcriptome and proteome systematically under a defined nutrition condition that 

mimics cystic fibrosis patients in order, to understand the molecular characteristics 

involved in chronic infection and genome-wide global features related to post-

transcriptional regulation. In chapter 2, I present transcriptome analysis results of 17 P. 

aeruginosa clinical strains, isolated from cystic fibrosis patients. By investigating 

phenotypic gene expression changes over a period of chronic infection, I identified 24 

genes showing consistent gene expression changes across all isolated isogenic groups, 

demonstrating parallel evolution to establish beneficial traits at the transcriptome level. In 

the following chapter 3, I describe a novel integrative proteomics analysis method, 

implemented in the program called MSblender. This method boosts not only the number 

of identified proteins, but also the number of spectra assigned to each protein. This 

method allowed me to accurately and comprehensively quantify protein abundance in 

shotgun proteomic experiments of two P. aeruginosa reference strains, PAO1 and PA14. 

The results of correlation analyses both in protein and mRNA abundance, and 

differentially expressed proteins are presented in chapter 4.  

In addition to studies that I mainly described in this document, I have been 

involved in various other projects, from microbiology to developmental biology and 

cancer biology. In Appendix, I briefly describe them along with future plan. 



 3

Chapter 2. Host Adaptation of Pseudomonas aeruginosa 

 

INTRODUCTION 

Pathogenic microbes, including those that cause HIV/AIDS, tuberculosis, and 

malaria, can remain closely associated with their hosts for decades. While much has been 

learned about evolution from long-term in vitro experiments (Elena and Lenski, 2003), 

less is known about pathogen evolution during chronic infection. Pseudomonas 

aeruginosa, a ubiquitous Gram-negative bacterium, is the leading cause of morbidity and 

mortality in individuals with the heritable disease cystic fibrosis (CF) (Lyczak et al., 

2002). Upon infection, individuals with CF are unable to clear P. aeruginosa from the 

lungs, where it can grow to high cell densities despite competing microorganisms, a 

strong host immune response, and antibiotic treatment (Lyczak et al., 2002). Several 

important features make P. aeruginosa CF lung infections suitable for studying microbial 

evolution in vivo. First, a single clone can colonize a CF patient for over a decade 

(Mahenthiralingam et al., 1996), enabling the study of chronological clonal isolates. In 

addition, much is known about the growth environment of the CF lung, including carbon 

source availability, oxygen content, and in vivo growth rates (Ohman and Chakrabarty, 

1982; Worlitzsch et al., 2002; Palmer et al., 2005, 2007; Barth and Pitt, 1996; Thomas et 

al., 2000; Yang et al., 2008). 

Previous studies have proposed that P. aeruginosa undergoes adaptive evolution 

in the CF lung primarily based on two observations, 1) the high ratio of non-synonymous 

to synonymous mutations that occur over time (Smith et al., 2006) and 2) isolates from 

chronic infections evolve similar phenotypes including: formation of small colonies on 

agar (small colony variants or dwarf strains) (Wahba and Darrell, 1965; Häussler et al., 
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1999); over-production of alginate exopolysaccharide (mucoid strains) (Wahba and 

Darrell, 1965; Doggett et al., 1964); quorum sensing deficiency (Smith et al., 2006; 

Wilder et al., 2009); motility reduction (Mahenthiralingam et al., 1994; Luzar et al., 

1985); altered lipopolysaccharide (Hancock et al., 1983); reduced virulence factor 

expression (Lee et al., 2005; Luzar and Montie, 1985); and hypermutation (Oliver et al., 

2000). However, it is unclear how global changes in gene expression mediate these ‘CF-

evolved’ phenotypes. 

Transcriptional profiling has been used to identify potential adaptive traits in two 

similarly-grown E. coli lineages after 20,000 generations (Cooper et al., 2003). Based 

upon the success of these in vitro experiments, we hypothesized that transcriptional 

profiling would identify potential adaptive expression traits in P. aeruginosa lineages that 

evolved in vivo. As gene expression profiling has not been performed on sequential P. 

aeruginosa strains obtained from multiple CF individuals, we conducted transcriptomic 

analyses on 17 chronological clonal isolates collected over 3 months to 8 years from 3 CF 

patients. This reflects approximately 1,200 ~ 39,000 generations based on a previously 

estimated P. aeruginosa doubling time of 100 minutes in the CF lung (Yang et al., 2008). 

Our studies reveal that parallel changes in gene expression occur during in vivo evolution, 

and P. aeruginosa uses multiple pathways to establish chronic infection. 

 

RESULTS 

In order to identify gene expression changes that occur during chronic infection, 

transcriptional profiling was carried out on clonal P. aeruginosa isolates collected from 3 

CF patients (Figure 2.1). In Figure 2.1, clonal groups Ca and Cb are isolated from the 

same individual, though they are different clonal groups (confirmed by RAPD assay and 
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pulsed-field gel electrophoresis). We anticipated that these analyses would reveal how 

different molecular processes are coordinated to establish long-term infection. Clonal 

isolates were collected between 3 months and 8 years after colonization. Individuals A, 

B, and C harbored unique P. aeruginosa clones. A strain replacement occurred in 

individual C between 1983 and 1987, so these isolates are divided into clonal groups Ca 

and Cb.  

 

 

Figure 2.1. Pseudomonas aeruginosa isolates from three individuals with cystic fibrosis. 



 

The Affymetrix P. aeruginosa GeneChip is designed from the PAO1 genome, 

therefore it may be argued that the changes we observed reflect genetic variations 

between isolates rather than gene expression changes. However, a number of factors do 

not support this claim. First, the P. aeruginosa GeneChip is designed to capture genes 

using 13 unique 25-mer probes. Therefore, small variations (such as single nucleotide 

polymorphisms) would not be significant after probe summarization. Second, we only 

considered genes that have orthologs in four other P. aeruginosa genomes (see Materials 

and Methods), so genes that are variable between P. aeruginosa strains were not included 

in our analyses. Third, the same microarray platform has been used successfully to assess 

genomic content of various P. aeruginosa isolates, including environmental and CF 

isolates (D’Argenio et al., 2007). Based on genomic DNA hybridization to the PAO1 

GeneChip, it was reported that between 96.1% ~ 97.7% of the P. aeruginosa genome is 

conserved, including almost all known virulence factors (D’Argenio et al., 2007). These 

data suggest that the PAO1 GeneChip is able to capture the conserved region of each 

gene in most P. aeruginosa strains. Finally, we analyzed our data using the Affymetrix 

MAS5 algorithm, which calls the presence or absence of target cDNAs based on the 

distribution of perfect match and mismatch probe signals. If our observations were 

derived from mutations that accumulated over time, we would have observed a high 

incidence of absence calls in the late strains compared to early strains. However, we did 

not see this trend. These results clearly show that our observations reflect gene expression 

changes rather than genetic changes. 
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To view the global features of our transcriptomic data, we first conducted 

hierarchical clustering of microarray signals obtained from each isolate. We used two 

similarity measures, Spearman correlation coefficient and Euclidean distance, to 
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overcome bias that can occur with one similarity measurement. Overall, transcriptomic 

clustering (Figure 2.2) clearly showed that isolates clustered by clonal (ANOSIM 

P=0.001) group rather than by morphological phenotype (ANOSIM P=0.263) or time 

within the CF lung (ANOSIM P=0.09). 

 

 

Figure 2.2 Hierarchical clustering of microarray data 

Similar results were obtained with both clustering methods. These data indicate 

that despite growth in the lungs for thousands of generations, P. aeruginosa isolates 

collected at later time points, at least in regard to gene expression, resemble the ancestor 

more than isolates from other individuals. 

Transcriptional profiling showed that clonal groups are highly similar; however, 

some differences exist that account for each group clustering by patient. In order to 



identify these differences, we compared clonal groups (including ancestor strains) to each 

other. Clonal group A differentially expressed 65 genes, clonal group B differentially 

expressed 58 genes, clonal group Ca differentially regulated 119 genes, and clonal group 

Cb differentially expressed 99 genes. A majority of these genes were involved in 

virulence, quorum sensing, alginate production, branched chain amino acid metabolism, 

and motility (Figure 2.3). These data suggest that in regard to gene expression, multiple 

solutions exist for establishing chronic infection in the CF lung. 

To our knowledge, the ancestors were the first chronically established strains in 

each individual. However, these strains may have undergone adaptation before their 

collection. In order to show that ancestral strains had not already undergone significant 

adaptation to the CF lung, we compared ancestor strains A1, B1 and Ca1 to the 

laboratory reference strain, PA14. PA14 is an acute burn wound isolate that has 

undergone minimal passage in the laboratory and maintains many of its original traits, 

making it a valuable non-CF reference strain. Ancestors A1, B1, and Ca1 differentially 

regulated 228, 181, and 265 genes, respectively, compared to PA14. In contrast, late 

isolates showed more than 600 differentially regulated genes compared to PA14. These 

results suggest that the ancestral strains show moderate gene expression changes 

compared to PA14, but since later isolates showed approximately 3-fold more 

differences, the ancestors are still adapting to the CF lung. Strain Cb1 exhibited an 

adaptive phenotype, mucoidy, and is likely not the original ancestor of subsequent 

isolates, although this strain does display adaptation (see below). 
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Figure 2.3 Heat maps of genes differentially expressed between clonal groups. 



We next examined gene expression differences within each lineage, by comparing 

transcriptomes of all isolates within each clonal group to their ancestor, as shown in 

Figure 2.4. We focused on differentially expressed genes that were maintained 

throughout infection compared to each ancestor. Isolates within clonal group A 

differentially regulated 76 genes; these changes were maintained over 3 years. 441 

changes were maintained over 8 years in isolates from clonal group B. Clonal group Ca 

differentially regulated 37 genes over three months, while clonal group Cb differentially 

regulated 281 genes over 7 years. These results indicate that 1~8% of P. aeruginosa 

genes displayed expression differences after chronic infection within the CF lung. 

 

 

Figure 2.4 Heatmap of differentially expressed gens within clonal groups. 
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Gene Annotation Changes 

PA0045 Hypothetical protein Decrease 

PA0046 Hypothetical protein Decrease 

PA0047 Hypothetical protein Decrease 

PA0411 (pilI) Type 4 fimbrial biogenesis protein Decrease 

PA5041 (pilP) Type 4 fimbrial biogenesis protein Decrease 

PA5042 (pilO) Type 4 fimbrial biogenesis protein Decrease 

PA5043 (pilN) Type 4 fimbrial biogenesis protein Decrease 

PA5044 (pilM) Type 4 fimbrial biogenesis protein Decrease 

PA5139 Hypothetical protein Decrease 

PA1048 Probable outer membrane protein precursor Increase 

PA1106 Hypothetical protein Increase 

PA1323 Hypothetical protein Increase 

PA1324 Hypothetical protein Increase 

PA1471 Hypothetical protein Increase 

PA1562 (acnA) Aconitase Increase 

PA1592 Hypothetical protein Increase 

PA2485 Hypothetical protein Increase 

PA2779 Hypothetical protein Increase 

PA3040 Conserved hypothetical protein Increase 

PA3691 Hypothetical protein Increase 

PA4876 Osmotically inducible lipoprotein Increase 

PA4880 Probable bacterioferritin Increase 

PA5060 Polyhydroxyalkanoate synthesis protein Increase 

PA5178 Conserved hypothetical protein Increase 
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Table 2.1 Genes exhibiting parallel expression changes in three clonal groups 
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Although the CF lung environment likely differs between individuals, we 

hypothesized that due to strong selective pressures in all patients (immune response, 

treatment, and consistent nutritional environment) P. aeruginosa isolates from different 

patients would display common changes in gene expression. To test this hypothesis, we 

compared the above within-group analyses and identified a set of genes that were 

differentially expressed within all 3 lineages (Table 2.1). Clonal group Ca evolved over a 

short time period, 3 months; therefore, it was excluded from the analysis. 24 genes 

commonly changed over time in clonal groups A, B, and Cb. Importantly, these genes 

changed in the same direction across all 3 lineages. 9 genes were down-regulated and 15 

were up-regulated. Half of the down-regulated genes encoded proteins of unknown 

function, while the remaining were involved in Type 4 fimbriae biogenesis. 10 genes 

encoding proteins of unknown function were up-regulated. The other up-regulated genes 

were: two outer membrane proteins (PA1048, OsmE), PA4880 (probable 

bacterioferritin), phaF (polyhydroxyalkanoate synthesis protein PhaF) and PA1562 

(aconitase). Additionally, 88 genes were commonly regulated in at least 2 lineages 

(Figure 2.5). Many of these were involved in flagellar biosynthesis, fimbriae (pili) 

biosynthesis, and polyamine transport. The appearance of similar alterations in gene 

expression patterns, particularly changes in the same direction, suggests P. aeruginosa 

undergoes parallel evolution in the CF lung. 

 

DISCUSSION 

Our goal was to identify adaptive expression traits of P. aeruginosa during 

chronic CF lung infection. Our study is limited by the absence of genetic data because we 
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cannot correlate specific mutations to gene expression changes, and pleiotropic effects 

cannot be ruled out. However, since genetic mutations can affect gene expression, our 

study is important for understanding the global evolution of P. aeruginosa during chronic 

infection. Our transcriptional analysis is the most comprehensive to date. While 

D’Argenio et al. (D’Argenio et al., 2007) and Hoboth et al. (Hoboth et al., 2009) 

compared transcriptional profiles of early and late isolates, these studies were limited by 

the number of samples or patients. In contrast, we characterized chronological, clonal 

isolates collected from multiple CF patients. 

 

 

Figure 2.5 Common gene expression changes among three clonal groups. 

 

We identified 24 genes that showed similar changes in gene expression across 3 

separate P. aeruginosa lineages. This is striking because our statistical analyses show that 

overlap between groups is highly significant (Figure 2.5; P-value ≤ 10-10), so the 

probability of identifying 24 genes by random chance is very low. Since CF patients can 



carry diverse populations of P. aeruginosa at any given time, one obvious limitation to 

this study is sampling. However, all 3 late isolates recovered on the same date from 

Patient B (B3.1, B3.2, and B3.3) showed 23 of 24 common gene expression changes, 

which strongly support parallel evolution. Parallel evolution occurs when two closely 

related organisms independently develop the same adaptive traits due to the nature of 

their environments (Schluter et al., 2004). Parallelism is indicative of adaptive evolution, 

which has been proposed to occur in the CF lung (Smith et al., 2006). Our data is similar 

to Cooper et al. (Cooper et al., 2003), who demonstrated that 2 independently evolving E. 

coli populations growing under similar laboratory conditions displayed the same 59 gene 

expression changes after 20,000 generations. Later, Barrick et al. (Barrick et al., 2009) 

showed that most of the 45 mutations occurring in this long-term evolution experiment 

were beneficial. 
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Based on these data, we hypothesize that some of the 24 commonly regulated 

genes encode adaptive traits (Table 2.1). There are several lines of evidence to support 

this claim. First, strong parallelism is a good indicator of adaptive evolution. Second, 5 

fimbrial (pili) biosynthetic genes (pilJ, pilP, pilO, pilN, pilM) were down-regulated over 

time in all 3 lineages (Table 2.1). It is well documented that pili loss protects P. 

aeruginosa from phagocytosis in vivo by neutrophils; thus allowing P. aeruginosa to 

escape a primary immune component in the CF lung (Mahenthiralingam et al., 1996; 

Kelly et al., 1989; Speert et al., 1986; Elborn and Shale, 1990). Third, 4 genes important 

for P. aeruginosa biofilm formation in vitro (PA5139, PA1592, PA2779, PA4876) and 3 

genes up-regulated during biofilm growth in vitro (PA1471, PA4876, and PA1324) were 

differentially regulated over time in all 3 lineages (Müsken et al., 2010; Waite et al., 

2005, 2006). Resistance to antibiotics and host clearance is partly attributed to P. 

aeruginosa biofilm growth in the CF lung (Costerton, 2001; Singh et al., 2000; Costerton 
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et al., 1999) suggesting that adaptation to the biofilm lifestyle via differential expression 

of these genes is important for maintaining long-term infections. Finally, three of the 24 

genes (PA4876, PA1323, and PA1324) were up-regulated in an important P. aeruginosa 

CF isolate, the Liverpool Epidemic Strain (LES), compared to laboratory strain PAO1 

(Salunkhe et al., 2005). LES is a particularly virulent P. aeruginosa CF strain; thus 

expression of these traits may represent an important adaptation to the lung environment. 

Our results indicate that parallel evolution occurs in the CF lung; however, our 

data also show that specific, within-lineage changes also occur. The contribution of 

parallel changes versus within-lineage changes is unclear. The number of traits identified 

as evolving in parallel (24) is smaller compared to gene expression changes within 

lineages (up to 441) and may represent only a core set of changes (Figure 2.5). For 

example, distinct virulence traits appear to be utilized by different clonal groups to 

establish and maintain infection supporting previous hypotheses that P. aeruginosa 

employs unique evolutionary pathways to establish chronic infection (Bragonzi et al., 

2009), and genes required for pathogenicity in one strain may not be required or 

predictive for others (Bragonzi et al., 2009; Stover et al., 2000; Lee et al., 2006). Thus, 

we propose that natural selection may not be acting on individual virulence traits, but 

instead on some/all of the 24 genes identified in our study. 

In microbes, parallel gene expression changes have only been observed in long-

term in vitro evolution experiments. Our study shows parallel changes in gene expression 

of strains grown in vivo for up to 39,000 generations.  

While it is well-documented that the medium used to grow bacteria in this study 

(SCFM) closely mimics the nutritional environment of the CF lung (Palmer et al., 2007), 

the number of traits undergoing parallel evolution may be under-estimated or some may 

be expressed only under our culture conditions. It would be ideal to sample P. aeruginosa 
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RNA directly from CF sputum, but the extraction process is challenging and would likely 

reflect species heterogeneity. Finally, 19 genes (of 24) identified in this study represent 

traits that have not been previously identified as adaptive in the CF lung and are therefore 

temporal markers for P. aeruginosa chronic colonization. Many of these encode proteins 

of unknown function, suggesting that future studies aimed at understanding the role of 

these genes could provide unique insight into selective pressures in the CF lung. 

 

MATERIALS AND METHODS 

Isolate collection and genetic analyses. Clonal isolates of P. aeruginosa were 

collected and clonally purified from three CF patients at the British Columbia’s 

Children’s Hospital, Shaughnessy Hospital, or St. Paul’s Hospital, Vancouver, British 

Columbia, as previously described (Mahenthiralingam et al., 1996). Briefly, P. 

aeruginosa was isolated from sputum or throat samples and plated on Columbia agar 

supplemented with 5% sheep’s blood, MacConkey agar, or chocolate agar. Based on 

morphology, isolates were characterized as classic (C), dwarf (D), or mucoid (M) 

(Wahba and Darrell, 1965). 

Isolates A1, B1, and Ca2 were collected from respiratory sites, and the remaining 

isolates were collected from the throat or sputum (Figure 2.1). Isolates were subcultured 

onto Columbia blood agar, re-suspended in 2 ml Mueller-Hinton broth with 8% dimethyl 

sulfoxide (DMSO), and stored at -75°C. To confirm that the isolates were P. aeruginosa, 

they were plated on a selective medium, FC agar (Campbell et al., 1988). Genomic DNA 

extraction and genetic typing were carried out as previously described (Mahenthiralingam 

et al., 1996). P. aeruginosa isolates were typed by Random Amplified Polymorphic DNA 

(RAPD) typing using primer 272 (Mahenthiralingam et al., 1996). All isolates from each 
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individual are clonal except for Patient C, where a strain replacement occurred between 

1983 and 1987 (Figure 2.1). For clarity, clonal isolates from individuals A, B, and C will 

be referred to as clonal groups A, B, Ca, and Cb. Isolates collected from patient C are 

split into 2 clonal groups, Ca and Cb, due to the aforementioned strain replacement. 

Chronological isolates from each clonal set will be designated by the patient letter (A, B, 

Ca, Cb) along with the temporal order of isolation. For example, A1 designates the first 

isolate collected from individual A, A2 was the next isolate, and A3.1 and A3.2 were 

isolated on the same date but displayed different morphologies (Figure 1). 

P. aeruginosa annotation. All analyses were based on the P. aeruginosa PAO1 

annotation (PseudoCAP, http://www.pseudomonas.com; 2009-November-23 version). To 

exclude PAO1 strain-specific genes, we defined a conserved gene set using 4 P. 

aeruginosa genomes maintained at PseudoCAP (PAO1, PA14, PA7 and LESB58) based 

on the reciprocal best BLAST hit method. We identified 5,465 PAO1 genes (out of 5,569 

PAO1 genes; 4,699 genes were conserved among all 4 strains) that have at least one 

ortholog in the other 3 strains; these were considered for further analysis. To assign 

microarray probesets to these genes, we downloaded probe sequences from the 

Affymetrix website (http://www.affymetrix.com/Auth/analysis/downloads/data/) and 

mapped them to the P. aeruginosa PAO1 genome (GenBank accession NC002516.2) by 

Exonerate (Version 2.20) (Slater and Birney, 2005). 

After discarding probes that were not uniquely mapped on the genome, we 

mapped them again to P. aeruginosa PAO1 cDNA sequences (PseudoCAP 2009-

November-23 Version). If less than 12 probes or more than 14 probes in a probeset were 

mapped to a gene, it was discarded, since each gene was represented by 13 unique 

probes. Thus, a total of 5,391 coding genes were considered in microarray data analysis. 
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Expression profiling with Affymetrix microarrays. Microarray analyses were 

performed in duplicate on clonal isolates from 3 different individuals with CF. These 

analyses included the following strains: A1, A2, A3.1, A3.2, A4 (Individual A), B1, 

B2.1, B2.2, B2.3, B3.1, B3.2, B3.3 (Individual B), Ca1, Ca2, Cb1, Cb2, Cb3 (Individual 

C), UCBPP-PA14 (PA14), and PAO1. 

Clinical isolates and the reference strains PA14 and PAO1 (6) were routinely 

grown on Difco blood agar base (BD Sciences) supplemented with 5% sheep’s blood 

(Remel) or brain heart infusion agar (Fisher). All GeneChip experiments were performed 

in Synthetic Cystic Fibrosis sputum medium (SCFM), which mimics the nutritional 

environment of the CF lung (Palmer et al., 2007). Bacterial growth in liquid media (25 

mls in a 250 ml flask) was monitored by measuring the optical density at 600 nm 

(OD600) during growth at 37°C with shaking at 250 rpm. 

Global gene expression profiling was carried out as previously described 

(Schuster et al., 2003; Palmer et al., 2005) with minor modifications. P. aeruginosa 

isolates were grown in SCFM and cells were harvested during exponential phase (OD600 

of 0.4-0.5). Cultures were mixed 1:1 with RNAlater (Ambion), an RNA stabilizing agent. 

RNA was isolated using the RNeasy mini kit (Qiagen), and cDNA was prepared for 

Affymetrix GeneChip microarray analysis as previously described (Schuster et al., 2003; 

Palmer et al., 2005). PCR amplification of the P. aeruginosa rplU gene (Kuchma et al., 

2005; Yarwood et al., 2005) was used to detect DNA contamination using the primers 

rplU-For (5’-CGCAGTGATTGTTACCGGTG-3’) and rplU-Rev (5’-

AGGCCTGAATGCCGGTGATC-3’). To assess RNA integrity, samples were subjected 

to agarose gel electrophoresis. GeneChips were washed, stained, and scanned using an 

Affymetrix fluidics station at the University of Iowa DNA core facility. 
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Microarray analyses. We preprocessed microarray .CEL files with the RMA 

method by using the affy package (Version 1.18.2) (Gautier et al., 2004) in R (Version 

2.8.1) with default options (PM probe specific correction, quantile normalization, and 

expression measure by median polish). Hierarchical clustering analysis was performed 

with these signals after summarizing two signals from biological replicates by their mean 

and tested by both Euclidean distance and Spearman correlation coefficient as similarity 

measures. 

Gene expression differences were evaluated by a linear model, implemented on 

the limma package in R (Version 2.16.5) (Smyth, 2004). If the maximum signal of the 

probeset among all isolates was less than 100, it was not considered in the analysis. We 

considered genes as significantly differentially expressed if they were greater than 2-fold 

changed and the false discovery rat (FDR) less than 0.05. Differentially expressed genes 

between clonal groups were identified with the following 2 steps: (1) we compared the 

expression levels of all isolates in the same clonal group to those in another clonal group; 

(2) we identified differentially expressed genes between two groups based on an FDR of 

less than 0.05 and a fold change greater than 2.0. Differentially expressed genes over 

time within clonal groups were identified as follows: (1) we compared the gene 

expression levels of all isolates from each clonal group to the ancestor; (2) we identified 

differentially expressed genes based on an FDR of less than 0.05 and a fold change 

greater than 2.0; (3) we discarded genes changed in opposite directions compared to the 

ancestors (i.e. up-regulated in the intermediate isolate, down-regulated in the late isolate); 

(4) if the level of gene expression was significantly different in any isolate within the 

same group, it was selected; (5) if a gene was differentially expressed in both the 

intermediate and the late isolates, it was selected. ANOSIM test was conducted by using 

vegan (http://vegan.r-forge.r-project.org/) package in R (Clarke, 1993). 
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All microarray data are available at NCBI GEO database (GSE21966). A web 

supplemental is also available at http://www.marcottelab.org/index.php/PSEAE_CF. 

2010. 

 

RELATED PUBLICATIONS 

The main work described in this chapter was published in mBio in 2010, with 

Holly K. Huse (Huse et al., 2010) (Holly and I are co-first authors). 

http://www.marcottelab.org/index.php/PSEAE_CF.%202010
http://www.marcottelab.org/index.php/PSEAE_CF.%202010
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Chapter 3. Integrative Analysis Method in LC-MS/MS Shotgun 
Proteomics 

 

INTRODUCTION 

Analyses of mass spectrometry-based shotgun proteomics data rely heavily upon 

computational algorithms for automating peptide identification via database searching. 

Database search engines assign each tandem mass spectrum to the best-scoring peptide 

sequence in the database based on scoring functions using spectral features (Craig and 

Beavis, 2004; Eng et al., 1994; Geer et al.; Kapp et al., 2005; Perkins et al., 1999; Tabb et 

al., 2007; Tanner et al., 2005). Several different search engines are available today, and 

peptides identified with high confidence often show good consensus across different 

engines (Alves et al., 2008). Nevertheless, many high-quality MS/MS spectra remain 

unassigned to peptide sequences or have scores below chosen confidence thresholds 

(Ning et al., 2010). Moreover, some spectra may be assigned to different peptides by 

different search engines, which vary in their scoring schemes (Kapp et al., 2005; Sultana 

et al., 2009). Provided that these issues are properly addressed, pooling peptide 

identifications from multiple search engines is expected to improve peptide 

identifications and to leave fewer mass spectra without assignment to peptide sequences.  

To date, a few computational approaches have been proposed for integrating 

database search results. Alves et al. proposed a calibration of p-values from multiple 

search engines into a meta-analytic p-value for each peptide (Alves et al., 2008). Searle et 

al. proposed a Bayesian approach to adjust probability scores computed in individual 

search engines based on the agreement between search engines, in which the largest 

adjusted probability is taken as the final score for each peptide (Searle et al., 2008). 
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Although these methods allow for more efficient use of available data, the integration of 

search results still has room for further development. First, the number of peptide-

spectrum matches (PSMs) identified in some but not all search engines grows at a 

combinatorial rate as more search engines are considered for integration, and the scores 

must be properly calibrated for the PSMs identified by individual search engines to 

control the overall identification error rates in a unified manner. Second, since some 

search engines only report the best matching peptide sequence for each spectrum, 

potential matches to lower-ranking peptides are ignored in the report even if individual 

scores for those secondary matches are nearly as good as the best match score and thus 

are likely true hits. If data are integrated from different search engines, one must include 

lower-ranking PSMs from every search engine and recalibrate the scores into a unified 

score as was done in Searle et al (Searle et al., 2008). The strategy of integrating data 

after the selection of high confidence PSMs (i.e., leaving out lower-ranking scores) may 

lead to inaccurate estimation of integrative probability scores unless search engines are 

sufficiently homogeneous (Lu et al., 2007; Old et al., 2005; Zybailov et al., 2006). 

To address these issues, we developed a unified probabilistic approach for the 

integrative analysis of unique PSMs, termed MSblender (Figure 3.1). We use probability 

mixture models to distinguish correct and incorrect identifications. The score 

distributions across search engines are jointly modeled using multivariate distributions up 

to the number of observed dimensions to accommodate the correlation in raw search 

scores. Using this model, MSblender computes a unified posterior probability of correct 

identification for all PSMs identified by search engines. The conversion into posterior 

probabilities automatically calibrates PSM scores reported by individual search engines 

in two ways: (1) the likelihood is marginalized to the search engines identifying 

individual PSMs, and (2) prior probability is adjusted for different combinations of 
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search engines. More importantly, MSblender pools raw search scores for every possible 

PSM and directly models the distribution for all listed scores from the beginning, so it is 

not necessary to revisit lower-ranking PSMs to account for the PSMs not agreed upon by 

all search engines. 

 

 

Figure 3.1 Schematic view of MSblender 

 

We evaluate the performance of MSblender with respect to peptide identification 

and protein quantification by spectral counting using three independent datasets. First, we 

use a yeast dataset (Yeast YPD hereafter) to assess the sensitivity and specificity profile 

for bona fide identifications, where high-confidence identifications reproducibly reported 

in multiple published datasets can be used as a benchmark set. Next, we include a 

(Sigma) UPS2 dataset featuring a simple mixture of 48 human proteins, where 



concentrations are known for all proteins and thus the accuracy in both identification and 

quantification can be evaluated. Lastly, we use a dataset (iPRG09) from an Association 

of Biomolecular Resource Facilities (ABRF) proteome informatics research group 

(iPRG) 2009 study consisting of two biological samples, in which proteins present in 

only one sample are known and thus the influence of improved identifications can be 

evaluated by differential expression analysis. Through these examples, we show that 

integrative analysis by MSblender increases the number of identifications substantially 

with accurate estimation of low false discovery rate (FDR), and it improves quantitative 

analysis of protein concentrations.  

 
Name Source Version Scores used 

in MSblender
Parameters 

SEQUEST Thermo 
Electron 

Bioworks 
3.3.1 SP1 

 

Xcorr Mass type: monoisotopic 
precursor and fragments 

Peptide tolerance: 25.0 ppm 
Fragment ion tolerance: 1.0 amu 

X!Tandem 
(k-score) 

The Global 
Proteome 

Machine (GPM) 

2009.10.01.1 E-value Fragment monoisotopic mass 
error: 0.7 

Parent monoisotopic mass error: 
100 ppm 

Minimum peaks: 15 
Minimum fragment m/z: 150 

InsPecT UCSD (Pevzner 
lab) 

20100331 MQscore TagCount: 50 
PMTolerance: 2.5 

MyriMatch Vanderbilt 
University 
(Tabb lab) 

1.6.62 
(2009-12-4) 

Mvh NumChargeStates: 3 
UseAvgMassOfSequences: false 

Table 3.1 Summary of search engine parameters 
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Figure 3.2 An example of statistical model for integrating scores from two database 
search engines. 

 

RESULTS AND DISCUSSION 

Concept. Figure 3.1 showed schematic view of MSblender. Each spectrum is 

listed with all unique peptide assignments across the database search engines considered 

for integration. MSblender considers all different cases. PSMs may be found by some 

search engines but not by others (peptides 1, 2). Some spectra may be matched to 

�different peptides by different search engines (peptides 3 9), where each PSM is treated 

differently. Figure 3.2 is illustrated the statistical model for integrating scores from two 

database search engines. The scatter plot shows three groups of data: PSMs with scores 



reported from both engines (dots following a diagonal line), and PSMs identified 

uniquely by either of the two search engines (dots in lines parallel to each axis). Red stars 

indicate the PSMs assigned to decoy sequences. The elliptical contours in the scatter plot 

and the curves in the histograms are the estimated distributions (blue, correct 

identification; red, incorrect identification). 

Estimation of FDR. The fundamental challenge in data integration is accurate 

estimation of error rates such as FDR. This is particularly difficult when search engines 

are heterogeneous, i.e. conflicting PSMs occur frequently between search engines, and 

search scores are not in good agreement. Figure 3.3 plots the FDR estimated by 

MSblender (see Materials and Methods) against decoy-based FDR estimates in all three 

datasets. We estimated decoy-based FDR by labeling one half of the decoy PSMs as non-

decoy PSMs and measuring their recurrence in the MSblender results (with proper 

scaling). Overall, the two estimates show good agreement in critical regions, i.e. where 

the error rate is low, in all datasets, with a trend of underestimation of FDR against 

decoys in UPS2 and Yeast YPD datasets. There was no evidence of such underestimation 

against decoys in iPRG09 datasets, particularly in the low error rate area. A possible 

explanation for the underestimation is that more consistent decoy PSMs were identified 

by multiple search engines in UPS2 and YPD datasets than in iPRG09 dataset. Since 

MSblender assigns higher prior weights for PSMs identified in more search engines than 

for PSMs identified in only one engine, many multi-engine (borderline scoring) decoy 

PSMs were assigned high probability.  
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Figure 3.3 FDR estimated from posterior probabilities (estimated FDR) against FDR 
estimated from decoy identification (Decoy FDR) 

 

To see this from a comparative angle, we first examined the union method, which 

selects PSMs in individual search engines at fixed FDRs and merges them. In Table 3.2 

(FDR 0.5%), rows for MSblender and union show that the latter approach consistently 

includes more decoy PSMs than the former, leading to underestimation of error rates 

(actual error rate by decoy count is higher than the target 0.5%). A more sophisticated 

union approach with probability adjustments based on the search score agreement by 

Searle et al (Searle et al., 2008) improves the accuracy of FDR estimates in the first two 

datasets but not in iPRG09 datasets. In addition to estimated FDR, Table 3.3 shows that 



MSblender achieves a good trade-off between recovering more true targets (gold standard 

reference identification in Yeast YPD dataset; see Materials and Methods) and 

identifying false-positive proteins at FDR 1%, whereas union would have incurred higher 

error rates than MSblender to achieve similar sensitivity. However, there was no 

significant improvement at FDR 0.5%; union and MSblender reported nearly identical 

results, implying that at extremely low error cutoffs, a sophisticated statistical model, 

such as that is used in MSblender, is not necessarily helpful.  

 
PSM UPS2 Yeast YPD iPRG09(Red) iPRG09(Yellow) 
Total MS/MS  
spectra observed 

74,602 240,781 69,416 70,970 

SEQUEST 32,651 (87) 57,955 (268) 9,524 (98) 9,492 (83) 
27,264 (210) 74,244 (332) 15,147 (117) 15,366 (112) X!Tandem 

MyriMatch 26,262 (79) 41,179 (106) 9,706 (88) 9,134 (46) 
InsPecT 25,618 (64) 69,341 (414) 12,691 (202) 13,295 (216) 
Union  40,829 (434) 95,315 (1053) 21,764 (505) 21,684 (455) 
MSblender 39,273 (336) 99,814 (1011) 23,580 (153) 23,717 (177) 

4,043 (190) 10,441 (100) 2,138 (38) 2,073 (52) 1 engine 
2 engines 7,389 (89) 16,861 (546) 3,768 (76) 3,878 (74) 
3 engines 5,560 (35) 32,111 (203) 6,820 (24) 6,816 (21) 
4 engines 22,202 (24) 38,257 (18) 10,830 (3) 10,826 (4) 
     
Protein UPS2 Yeast YPD iPRG09(Red) iPRG09(Yellow) 
Total proteins  48 6,698 4,417 4,417 
SEQUEST 38 1,391 757 749 
X!Tandem 38 1,459 870 847 

36 1,241 722 657 MyriMatch 
InsPecT 29 1,527 877 902 
Union  44 1,873 999 1,024 
MSblender 42 1,911 1,185 1,147 

Table 3.2 Summary of identification results by individual search engines and MSblender 
combining all search engine results. 
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FDR 0.5% All proteins False proteins True proteins False/Total 
Total 6698 2433 4265   
SEQUEST 1387 69 1318 4.97% 
X!Tandem 1453 62 1268 4.26% 
MyriMatch 1238 43 1195 3.47% 
InsPecT 1519 99 1420 6.51% 
Union 1899 161 1738 8.47% 
MSblender 1864 153 1711 8.20% 
     
FDR 1% All Proteins False proteins True proteins False/Total 
Total 6698 2433 4265   
SEQUEST 1500 96 1404 6.40% 
X!Tandem 1628 98 1530 6.01% 
MyriMatch 1307 53 1254 4.05% 
InsPecT 1662 134 1528 8.06% 
Union 2218 252 1966 11.36% 
MSblender 2038 203 1835 9.96% 

Table 3.3 Recovery of gold standard proteins in Yeast YPD dataset 

 

The findings above show that choosing thresholds for each search engine before 

forming the union is non-trivial as merging data filtered at a fixed FDR in individual 

search engines results in the post-integration FDR being higher than the target FDR. In 

addition, there is no unique solution to control the composite identification error rate 

since the combined error is not a simple function of the individual error rates. In this 

situation, FDR control by MSblender based on multivariate mixture model can be helpful 

despite its underestimation of error in extremely high confidence regions. 
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Figure 3.4 Comparison of identification results across different database search engines 
and MSblender integrating all search engines. 

 

Sensitivity of identification. In addition to the accuracy of FDR estimates in high 

confidence selections, we evaluated the performance of MSblender in comparison to the 

individual search engines. Specifically, we examined the number of identifications for 

both PSMs and proteins at fixed FDRs (0.5% and 1%), and summarized the result in 

Figure 3.4. In all three datasets, MSblender clearly increases the number of 



identifications over individual search engines. For example, X!Tandem yielded the 

highest number of PSMs amongst other search engines at FDR 0.5% in the Yeast YPD 

dataset (Figure 3.4a). Table 3.2 shows that the dataset contains 240,781 PSMs, and 

X!Tandem identified 74,244 PSMs among these (30%). In comparison, MSblender 

identified 99,814 PSMs (41%) at the same FDR, increasing the number of identified 

PSMs by 11% of total spectra. From these additional PSMs, 452 new proteins were 

identified by MSblender in comparison to X!Tandem in this dataset. In the UPS2 dataset, 

the number of PSMs increased by ~20% in MSblender compared to the best performing 

search engine SEQUEST (Figure 3.4b), but the number of proteins increased only 

marginally (by 4 proteins) due to the low sample complexity (see Table 3.2). However, 

the additional PSMs helped to improve quantification by spectral counting (see below). 

In iPRG09 datasets (Figures 3.4c-3.4d), MSblender identified a substantial number of 

additional PSMs, e.g. roughly doubling the number of identified PSMs over SEQUEST, 

and many new proteins.  

In general, MSblender consistently increased the number of identifications 

compared to individual search engines both when integrating all search engines and when 

integrating only a subset of the engines. This result holds for both small and highly 

complex protein samples with thousands of proteins. Interestingly, MSblender was as 

good with some combinations of three search engines as with all four search engines, 

indicating that there exists saturation effect in terms of additional improvements by 

including additional search engines. 
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Impact on label-free quantification by spectral counting. Enhanced PSM and 

protein identification by integrative analysis is expected to have a positive impact on 

spectral counting based protein quantification, in particular if additional PSMs contribute 

to total spectral counts per protein and thus refine the resolution of quantification. For 
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instance, the difference between 1 spectrum and 2 spectra is less discernible than the 

difference between 10 spectra and 20 spectra. The increase in spectral counts is 

particularly important for low-abundance proteins, as they are often identified by one or a 

few PSMs only using a single search engine.  

We first examined the number of proteins identified by individual search engines 

and MSblender across the range of spectral counts. In spectral counting, if a spectrum is 

matched to n different peptides at a given significance level, then we considered the PSM 

as 1/n count for each and every peptide (split spectral counts). We also investigated not 

using this correction and adding one count to each matched peptide, but this procedure 

did not perform differently in the low FDR range. When we plotted the number of 

identified proteins against the spectral counts normalized by their length (in log10 scale), 

we found not only that the spectral count per protein increased in MSblender compared to 

individual searches, but also that additional low-abundance proteins were identified. This 

observation implies that MSblender not only increased spectral counts for proteins 

identified by individual search engines, but also identified additional proteins in low 

spectral counts that individual search engines missed.  
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Figure 3.5 Length normalized spectral counts against known protein concentrations in 
the UPS2 dataset (FDR 0.5%) 

 

To assess the accuracy of quantification, we examined the correlation between 

spectral counts of 48 proteins of known concentrations (UPS2 dataset). Figure 3.5 shows 

the results for the individual search engines and MSblender combining all of them at 

FDR 0.5%. As in Yeast YPD data, spectral counts were normalized by protein length, 

and spectral counts and known concentrations were rescaled to log10. Figures 3.5a-5e 

show that MSblender allows for quantification of the largest number of proteins (42 

proteins out of 48) while providing a similar correlation between observed and expected 

protein concentrations as individual searches, measured by rank correlation coefficients 

(Figure 3.5f). Even though tens of thousands of additional PSMs have been used by 

MSblender for quantification, length-normalized spectral counts were linearly correlated 

with the known concentrations. Based on the evenly distributed increase in 



identifications, we expect that this trend should hold in samples of high complexity. 

When we relaxed the error criterion (FDR 1%), the number of quantified proteins also 

increased in individual search engines, but the correlation decreased. FDR cutoffs less 

stringent than 1% admitted PSMs with probability score as low as 0.5 or 0.6, allowing 

noisy PSMs to compromise quantification accuracy. 

To further demonstrate that increased PSM identification improves quantification, 

we used iPRG09 datasets to examine the sensitivity/specificity profile during differential 

expression analysis. To evaluate the performance consistently, we applied the differential 

expression analysis tool QSPEC (see Materials and Methods) to spectral count data 

reported by individual search engines and MSblender. Figure 3.6 shows the comparative 

performance in terms of the receiver-operating characteristic (ROC) for split and raw 

spectral count data at FDR 0.5%. MSblender detected differentially expressed proteins 

with the highest sensitivity at all fixed error rates for both types of spectral count data.  

 

Figure 3.6. Comparison of QSPEC analysis using the search results from individual 

search engines and MSblender integrating all search engines (FDR 0.5%) 
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Comparison to agreement score adjustment. To compare MSblender to 

existing integrative methods, we implemented in-house code to carry out the procedure 

described in Searle et al (Searle et al., 2008), which we term agreement score adjustment 

(personal communication with the author). For each PSM, the agreement score was 

calculated following Searle et al.’s description, the probability scores from individual 

search engines were adjusted reflecting this agreement score, and the largest probability 

from all available search engines was taken as the final score for each PSM. If a search 

engine does not report the PSM, we considered it as a zero probability event. The 

agreement score adjustment not only produces as many PSMs as MSblender at fixed 

FDRs in UPS2 dataset, but also provides more accurate FDR estimates. Figure 3.7 shows 

that agreement score adjustment not only produces as many PSMs as MSblender at fixed 

FDRs in UPS2 data set, but also provides more accurate FDR estimates. The performance 

for the two methods was also similar in Yeast YPD data set. However, MSblender offers 

much more accurate FDR estimates and more PSMs in both iPRG09 datasets. This is 

partly attributable to the fact that MSblender performs very well with highly 

heterogeneous search engine results, i.e. search engines that largely disagree on PSM 

identifications, as is the case in iPRG09 but not in UPS2 and Yeast YPD. In the iPRG09 

data, the method of agreement score adjustment operates close to the union method as it 

takes the largest probability, but probability adjustment occurs less frequently in iPRG09 

than in other datasets.  
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Figure 3.7 Comparison of MSblender to agreement score (Scaffold) 

 



CONCLUSION  

This work presents an efficient probabilistic approach that substantially improves 

identification of PSMs at low error rates, reducing the volume of unassigned spectra in 

mass spectrometry-based shotgun proteomics experiments. Because scores are computed 

for all PSMs from the start, PSMs subject to search engine discrepancy are automatically 

considered for all possible peptide sequences and thus there is no need to trace back 

lower-ranking PSMs in individual searches. The final probability of correct identification 

does not have to rely on the probability from individual search engines which was 

calculated ignoring statistical dependence of raw search scores. The method can be 

applied to any number and combination of database search engines. Since the score is 

directly calculated from raw scores, the underlying statistical model allows a unified 

control of identification error rates.  

Integration of unique PSMs in MSblender provides justifiable grounds for more 

coherent quantification than the post-assignment integration methods, particularly if 

spectral counting is employed. Interestingly, we observed that the identification and 

quantification improved not only for low abundance proteins with MSblender, but also 

for high abundance proteins. This observation implies that MSblender substantially 

expanded the dynamic range of detectable protein concentrations without compromising 

quantification accuracy. 

For practical applications, we remind the readers that the fundamental challenge 

of integrative analysis is accurate estimation of identification errors, and it is important to 

understand the benefits and risks for error estimation when integrating different search 

engines of varying heterogeneity. MSblender delivers a tool to estimate correct integrated 

error rates even across heterogeneous datasets. In homogeneous datasets, i.e. where many 

search engines share PSMs including decoy PSMs, the performance of MSblender can be 
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improved by modeling the negative component distribution in multivariate form as the 

positive component distribution. In practice this is not feasible because the proportion of 

decoy PSMs occurring in two or more search engines is too small. We leave further 

improvements in statistical modeling to future work. 

 

MATERIALS AND METHODS 

Yeast YPD dataset. Yeast YPD is a yeast dataset from Ramakrishnan et al. 

(Ramakrishnan et al., 2009c). Briefly, cell lysates were harvested from S. cerevisiae 

BY4741 grown in rich medium (YPD) in log phase, digested with trypsin and prepared 

for LC/LC-MS/MS analysis. We performed eight replicate LC-MS/MS using four salt 

steps on an SCX column (ammonium chloride solutions of varying molarity, namely 0, 

15, 60, 900 mM or 0, 20, 100, 900 mM in a 5% acetonitrile, 0.1% formic acid 

background), followed by reverse-phase chromatography on a C18 column and MS/MS 

analysis on an LTQ-Orbitrap Classic (Thermo). 32 files were analyzed using S. cerevisiae 

sequences from EnsEMBL version 50 and randomly shuffled sequences as decoy. The 

raw dataset is available at http://www.marcottelab.org/users/MSdata/Data_02/.  

UPS2 dataset. The dataset comprises 48 human proteins mixed in concentrations 

covering six orders of magnitude, from 0.5 fmol to 50,000 fmol (Sigma Aldrich). The 

sample was prepared as described before (Ramakrishnan et al., 2009c) including cysteine 

alkylation, trypsin digestion and cleanup of the resulting peptides. The sample was re-

suspended in 50 μl of buffer (95% H2O, 5% acetonitrile, 0.1% formic acid) and ten 

samples of different dilutions were used for LC-MS/MS analysis on an LTQ-Orbitrap 

Classic (Thermo) mass spectrometer in a 5 to 90% acetonitrile gradient over four hours. 

Dilutions ranged from none to 1:30, with 10 μl injected per run. We used a sequence file 
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downloaded from Sigma Aldrich website as the target database and a decoy database 

derived from their randomly shuffled protein sequences. The raw data are deposited at 

http://www.marcottelab.org/users/MSdata/Data_13/. 

iPRG09 dataset. We used the ABRF iPRG 2009 study data downloaded from 

Tranche Proteome Commons. The data consist of two 1D gel separations of identical 

Escherichia coli cellular lysates (called the ‘yellow’ and ‘red’ samples). In each sample, 

one segment of the separation gel was cut out and discarded. The two discarded segments 

(‘green’ and ‘blue’) did not overlap in their position in the two samples, thus the proteins 

in these segments would be identified as differentially expressed proteins relative to the 

other sample. For each of the two samples, five LC-MS/MS data files were available. To 

compare our results with the original study, we used the same E. coli sequences as 

available from the ABRF website 

http://www.abrf.org/index.cfm/group.show/ProteomicsInformaticsResearchGroup.53.htm 

including reversed sequences as decoy instead of randomly shuffled sequences.  

Data processing. We used the same database with target and decoy sequences for 

all individual runs with four different search engines: SEQUEST, X!Tandem with k-

score, InsPecT and MyriMatch. We used default parameters in each search engine 

wherever possible, assuming that parameters had already been optimized for each scoring 

matrix. We allowed for up to 2 missed tryptic cleavages, and set static cysteine 

alkylation. More detailed information, such as software version and modified parameters, 

is reported in Table 3.1. In the search results, individual spectra may be reported multiple 

times in different PSMs, mainly because of different charge state assignments. For 

example, MyriMatch reported two PSMs for every spectrum with different charge 

estimates (+2 and +3 in our default setup). To guarantee consistency across search 

engines, we selected the best scoring PSM per spectrum based on the scores listed in 

http://www.abrf.org/index.cfm/group.show/ProteomicsInformaticsResearchGroup.53.htm
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Table 3.1. However, this is not a requirement and additional lower ranking PSMs might 

also be allowed if the total number of PSMs from each search engine is not significantly 

different.  

Statistical model. The statistical approach in MSblender is a probability mixture 

model for score distributions of correct and incorrect identifications, which has been 

widely used for scoring PSMs (Keller et al., 2002). A novel feature of MSblender is that 

the mixture component distributions are modeled as multivariate distributions that 

appropriately account for the correlation between database search scores.  

Suppose that the database search was repeatedly performed using K independent 

search engines, and M spectra were matched to peptide sequences by at least one search 

engine. Let Si=(Si1,Si2,...,SiK) denote the raw search score for spectrum i, where i=1, 2, ..., 

M. We assume that the raw scores are median centered and scaled by setting unit 

standard deviation in all search engines. Note that some Sij can be missing if the j-th 

search engine does not report the same PSM. The joint probability density of search 

scores can be written as  

 

g(Si) = (1-) g0(Si) +  g1(Si)  for all i 

 

where  is the proportion of spectra with correct peptide assignment in the data. g0 

and g1 are the score distributions for PSMs in incorrect and correct identifications, 

respectively. We refer to them as negative and positive mixture component distributions 

from here on. To estimate these distributions, a sufficient number of PSMs must have 

scores across all database search algorithms included. However, not every spectrum is 

assigned to the same peptide sequence across all database search engines (Figure 3.1). 

Especially for decoy sequences, a spectrum is rarely assigned to the same decoy peptide 
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by two or more search engines due to the random nature of incorrect peptide matches. It 

follows that the negative component g0 cannot be specified as a fully multivariate 

distribution due to the lack of usable data for estimation, and thus we assume g0 (Si) = 

n=1,...,K g0n(Sin), i.e. scores from different search engines are conditionally independent 

for incorrect identifications. Furthermore, it is natural to assume different prior weights 

for true and false identifications when PSMs are identified in more search engines than 

others, i.e. frequent identification implies high prior belief of correct identification. 

Hence we vary the weight parameter  by each combination of search engines, as many 

as 2K-1.  

To provide flexibility for accommodating variable shapes of score distributions, 

we allowed the mixture components g0 and g1 to be expressed as mixtures of multivariate 

Gaussian distributions themselves (g0 with a diagonal covariance matrix), where the 

number of subcomponents must be pre-specified by the user. Specifically,  

 

g1(Si) = c=1,...,C c MVNK(Si; mc, Vc) 

 

where c is the number of subcomponents for the positive component distribution 

g1, MVNk stands for K-dimensional multivariate normal distribution, and mc and Vc are 

the mean vector and the covariance matrix for the subcomponent distribution c with a 

respective mixing proportion c (such that c=1,...,C c = 1). In a typical run, we specified 

two subcomponents by default (c=2).  

In the case of g0, the marginal negative component distribution g0n of an 

individual search engine n is expressed as a mixture of univariate Gaussian distributions 

to allow for the same flexibility as in the positive component, i.e.  
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g0(Si) = n=1,...,K { c=1,...,C cn N(Sin; mcn, Vcn)  } 

 

where N denotes univariate normal distribution. Mean and variance parameters 

(mcn, Vcn) as well as the mixing proportion(s) cn are estimated using the EM algorithm 

(Dempster et al., 1977), where the spectra assigned to decoy peptides are treated as 

known incorrect PSMs, rendering the mixture model semi-supervised (Choi and 

Nesvizhskii, 2008). Once we estimate the positive and negative distributions in the score 

distribution, we compute the posterior probability of correct identification for each PSM 

by Bayes’ rule: 

pi = P(Correct | Si) =  g1(Si) / g(Si) 
 

where g(Si) = (1-) g0(Si) +  g1 (Si) for every spectrum i, and  varies by search engine 

combinations. Recall that Si is a fully K-dimensional vector without missing data only if 

PSM i is observed in all search engines. For a spectrum with scores from fewer than K 

database search engines, we compute the probability using the marginal distributions of 

observed scores only. After computing probabilities, the FDR at a probability threshold 

p* can be estimated by iS* (1 - pi) / |S*|, where S* is the set of PSMs such that pi  p* 

and |A| is the size of a set A. 

Benchmark data. In the Yeast YPD dataset, we compared the MSblender results 

to the proteins observed in previously published large-scale data under the same 

condition (the entire cellular lysate during logarithmic growth in rich medium). This list 

of proteins was prepared from 4 MS-based proteomics datasets and 3 non-MS-based 

datasets (see Ramakrishnan et al. (Ramakrishnan et al., 2009c) and 
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http://www.marcottelab.org/MSdata/gold_yeast.html). We used the list of 4,265 proteins 

observed in either two or more MS-datasets or any of non-MS-datasets as benchmark list.  

Differential expression analysis by QSPEC. We applied a statistical method for 

selecting differentially expressed proteins based on spectral counts, termed QSPEC (Choi 

et al., 2008), to the iPRG09 dataset analyzed by individual search engines and 

MSblender. QSPEC computes the odds (Bayes factors) of differential expression for 

individual proteins and reports log scaled odds multiplied by the sign determined by the 

direction of changes as the summary statistic. These quantities are used to estimate local 

fdr and FDR using nonparametric empirical Bayes methods (Efron et al., 2001). We 

evaluated the sensitivity profile at various thresholds. We constructed receiver operating 

characteristic (ROC)-like curves using the benchmark set provided by the ABRF iPRG 

2009 study committee. The 'blue' and 'green' segments contain positive sets of enriched 

proteins in the 'red' and 'yellow' data respectively. In the ROC plot, the horizontal 

coordinate corresponds to the number of proteins not included in the positive set, 

representing the false positive hits. Likewise, the vertical coordinate corresponds to the 

number of proteins included in the positive set, representing the sensitivity of detection. 

Software Availability. The source code for running MSblender can be 

downloaded from the URL http://www.marcottelab.org/index.php/MSblender. 

 

RELATED PUBLICATIONS 

I published the main work described in this chapter on Journal of Proteome 

Research in 2011 (Kwon et al., 2011), with Dr. Hyungwon Choi (I was co-first author). 

MS-net, published in Bioinformatics in 2009 (Ramakrishnan et al., 2009a) with Dr. 
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Smriti Ramakrishnan and Dr. Christine Vogel (I was third author), gave me an inspiration 

for using multiple search engines in MS/MS shotgun proteomics analysis. 
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Chapter 4. Relationship between Transcriptome and Proteome in two 
Pseudomonas aeruginosa reference strains 

 

INTRODUCTION 

Previously, Scrimpf et al. reported that protein abundance of orthologous genes 

between C. elegans and D. melanogaster correlated better than mRNA to protein 

abundances within each organism(Schrimpf et al., 2009). Recently we expanded this 

study into seven different organisms (two prokaryotes and five eukaryotes) and 

confirmed that orthologous protein abundances between different organisms were 

generally more correlated than mRNA to protein abundances within each 

organism(Laurent et al., 2010). Based on these comparisons, we hypothesized that each 

gene may maintain an evolutionarily conserved post-transcriptional regulatory 

mechanism, and protein-per-mRNA ratio can be used to measure the effect of post-

transcriptional regulation.  

Although several studies have measured protein and mRNA abundances in 

bacteria, the protein-per-mRNA ratio has not been compared across multiple bacterial 

species or strains. Nei et al. analyzed protein and mRNA abundances in Desulfovibrio 

vulgaris under multiple growth conditions (Nie et al., 2006a, 2006b); however, the 

number of proteins consistently observed under multiple conditions was limited due to 

low mass spectrometry resolution (reflecting limited number of proteins). Similarly, 

Maier et al. published protein abundances from Mycoplasma pneumonia measured under 

different growth conditions (Maier et al., 2011) and integrated it with previously 

published transcriptome data (Güell et al., 2009). The protein and mRNA abundances 

were not correlated within M. pneumoniae, and the authors concluded that post-
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transcriptional regulation plays a role in this phenomenon. However, it is difficult to 

compare this species to others due to the limited number of genes in this bacterium. 

Here we report the protein and mRNA abundances of 703 genes from two 

reference Pseudomonas aeruginosa strains strain PAO1 ‘Iglewski’ and strain UCBPP-

PA14 (referred PAO1 and PA14, respectively). Both strains were grown under the same 

conditions, and mRNA and protein abundances were measured by using same microarray 

and LC-MS/MS platforms, respectively. Because the majority of their genes are highly 

conserved at the nucleotide sequence level, any measurement bias derived from 

divergence between orthologous genes can be minimized compared to previous studies. 

Using both mRNA and protein abundance measurements available for 703 genes, we 

confirm previous observations that the protein and mRNA abundances within PAO1 and 

PA14 are less correlated than protein or mRNA abundances between the two strains. In 

addition, we showed that the protein-per-mRNA ratios between PAO1 and PA14 are well 

correlated, so the mechanism that controls protein abundance with a given mRNA 

abundance in each strain seems to be conserved between two strains. However, when we 

compare P. aeruginosa and E. coli, conservation of protein-per-mRNA ratio is 

diminished, so post-transcriptional regulation may be more divergent than we expected 

between different organisms. We also report here that many known genes related to P. 

aeruginosa virulence are post-transcriptionally regulated differently between PAO1 and 

PA14. 

 

RESULTS 

Correlation of protein and mRNA abundance. To investigate the relationship 

between protein and mRNA abundance that we observed in previous study, we first 
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analyzed the correlation of proteins and mRNA abundances between PAO1 and PA14. 

For more accurate analysis, we only used gene pairs that we consistently observed protein 

abundances in both PAO1 and PA14 strains (total 703 gene pairs). As shown in Figure 

4.1, both proteins and mRNA abundances were highly correlated between PAO1 and 

PA14 (Rs=0.95 for mRNA and Rs=0.89 for protein), better than correlation between 

protein and mRNA abundance in each strain (Rs=0.63 for PAO1 and Rs=0.65 for PA14). 

In contrast to previous studies showing that the correlation in protein abundance is higher 

than that in mRNA abundance (Schrimpf et al., 2009; Laurent et al., 2010; De Sousa 

Abreu et al., 2009), we observed that mRNA abundance is more highly correlated than 

protein abundance. There are two possibilities to explain this difference. First, previous 

studies measured mRNA abundance in heterogeneous cell types and in organisms grown 

under different conditions(Schrimpf et al., 2009; Laurent et al., 2010), so it is possible 

that transcriptional regulation is more sensitive to these differences. Second, other studies 

used different microarray platforms to measure mRNA abundance in different organisms, 

so mRNA abundance correlations may be confounded by difference in detectability 

between platforms capturing signals for orthologous genes. 

 

 

Figure 4.1 Correlation of mRNA and protein abundance. 



 

Next, we investigated the differentially expressed genes between PAO1 and 

PA14. Among 5,377 gene pairs with probesets in Affymetrix microarray, 150 genes were 

significantly differentially expressed in mRNA level (greater than 2 fold change in 

microarray signal, less than 0.05 FDR, estimated by empirical Bayesian method(Smyth, 

2004)). Similarly, among 1,730 gene pairs with protein abundances (APEX score greater 

than 1.0 in sum), 281 genes were significantly differentially expressed in protein level 

(greater than 2 fold change in APEX score, less than 0.05 FDR, estimated based on odds 

(Bayes factor) of differential expression(Choi et al., 2008)). Among them, 76 gene pairs 

with differential protein expression and 6 gene pairs with differential mRNA expression 

(3 gene pairs with differential expression in both protein and mRNA) were analyzed in 

more details, because we observed their protein and mRNA abundances in both strains. 

Many gene pairs with significantly differentially expressed in protein level (red circles in 

Figure 1B) did not show differences in mRNA level (red circles in Figure 1A), 

speculating that genes showing different protein expressions between PAO1 and PA14 

were post-transcriptionally regulated. Also, these differentially expressed proteins 

between two strains did not show any tendency in the correlation between protein and 

mRNA in each strain (red circles in Figure 1C and 1D). Compared to differentially 

expressed genes at the protein level, only a few genes differentially expressed in mRNA 

levels were included in this analysis, because most of genes (96 out of 150) identified as 

differentially expressed in mRNA level between PAO1 and PA14 were not observed in 

shotgun proteomics (sum of APEX scores of all four biological samples was less than 

1.0), probably because of its low abundance in protein level. 
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Protein-per-mRNA ratio and translationally suppressed genes. With higher 

correlation in both protein and mRNA abundances between two strains, compared to 
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correlation of mRNA to protein abundance in each strain, we speculated that protein-per-

mRNA ratio also should be highly correlated between two strains. As shown in Figure 

4.2A, correlation of protein-per-mRNA ratio between two strains were highly correlated 

(Rs=0.84), better than correlation of mRNA to protein in each organism. Also, we 

observed that most differentially expressed genes at the protein level were among the 

most different protein-per-mRNA ratios (red circles in Figure 4.2A), supporting that the 

difference in protein abundance between two closely related strains were caused by post-

transcriptional regulation. Next, we tested genes with significantly high or low protein-

per-mRNA ratio in both strains (p-value < 0.05 in z-test), and identified 9 genes having 

low protein-per-mRNA ratios commonly in both strains, and 2 genes (rpsI and capB) 

with high protein-per-mRNA ratios. 

We further investigated genes that we did not observe in shotgun proteomics 

experiment, although they have reasonably high mRNA expression level, as possible 

translationally suppressed genes. By comparing mRNA abundances of genes with protein 

observation to those of genes without protein observation, we evaluated the mRNA 

abundance level over which we can expect to see its protein product with 80% probability 

(Figure 4.3). To reduce the 20% false positive chance, we additionally filtered out the 

bottom 20% of genes according to mRNA abundance. Out of 86 genes identified as 

translationally suppressed genes in this analysis, 79 genes showed significant suppression 

in protein level in both PAO1 and PA14. We identified that genes involved in oxidative 

phosphorylation (PA1582, PA2643, PA2645, PA2646, PA2648, PA4430) were highly 

enriched in this list, with p-value < 0.01 (hypergeometric test with bootstrapping). 
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Figure 4.2 Correlation of protein-per-mRNA ratio 

 

 

Figure 4.3 Histogram of mRNA abundance 

Comparison to E. coli. To see whether the conservation of protein-per-mRNA 

ratio that we observed between closely related strains is also conserved across relatively 

distant species, we compared our P. aeruginosa data to E. coli. First, we collected 



publicly available E. coli data that measured mRNA and protein abundance in similar 

conditions (log-phase, in M9 minimum media)(Covert et al., 2004; Ramakrishnan et al., 

2009b), and analyzed those raw data in the same way as we did in P. aeruginosa data, to 

remove any effect that can be introduced in analysis. As previous study(Laurent et al., 

2010), we observed Spearman rank correlation 0.5 ~ 0.6 between E. coli and P. 

aeruginosa, both in protein and mRNA abundances (Figure 4A and 4B). However, 

protein-per-mRNA ratios were not correlated well (Rs = 0.26 for PAO1, Rs = 0.37 in 

PA14; Figure 4C). So we concluded that post-transcriptional regulation that affect 

protein-per-mRNA ratio may be only conserved between closely related strains, such as 

PAO1 and PA14, but not between relatively distant species, such as P. aeruginosa and E. 

coli. 

 

 

Figure 4.4 Correlation of protein and mRNA abundance to E. coli 
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PAO1_id 
PAO1 
protein 

PA14 
protein 

PAO1 
mRNA 

PA14 
mRNA 

Annotation 

PA0997|pqsB 0.000 38.918 36.0 1934.0 
Homologous to beta-keto-acyl-acyl-carrier 

protein synthase 

PA0998|pqsC 0.000 36.552 27.5 1003.0 
Homologous to beta-keto-acyl-acyl-carrier 

protein synthase 

PA2235|pslE 4.172 0.000 844.5 32.0 Hypothetical protein 

PA2493|mexE 43.341 0.263 5211 307.0 
Resistance-Nodulation-Cell Division 

(RND) multidrug efflux membrane fusion 
protein MexE precursor 

PA2494|mexF 35.275 0.000 4251.5 246.0 
Resistance-Nodulation-Cell Division 

(RND) multidrug efflux transporter MexF

PA2495|oprN 38.722 0.000 3620.0 186.0 
Multidrug efflux outer membrane protein 

OprN precursor 

PA2667 15.002 42.032 627.0 2043.0 conserved hypothetical protein 

PA2813 4.692 0.000 392.5 141.0 probable glutathione S-transferase 

0.000 7.804 117.5 833.0 
probable binding protein component of 

ABC transporter 

 52

PA4502 

PA4771|lldD 10.451 29.604 709.5 1772.5 L-lactate dehydrogenase 
PA4772 0.716 10.840 933.5 2008.0 Probable ferredoxin 
PA4778 0.000 9.700 266.5 1392.5 probable transcriptional regulator 

PA5261|algR 6.627 1.093 207.0 100.0 
alginate biosynthesis regulatory protein 

AlgR 
PA5289 5.017 0.000 655.0 190.5 Hypothetical protein 

Table 4.1. 14 genes with significantly different abundance, both in mRNA and 

protein, between PAO1 and PA14. 

 

Differential expression between two strains. Although many studies used both 

PAO1 and PA14 as reference strain in P. aeruginosa research, in our knowledge, there 

was no study comparing their molecular characteristics systematically, both in 

transcriptome and proteome level. Because we observed that mRNA abundances between 

PAO1 and PA14 were highly concordant, we expected that difference between two P. 

aeruginosa reference strains may be caused by different protein abundances. Among 114 
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proteins that we observed significantly different protein abundances between PAO1 and 

PA14, 14 genes showed also significantly different mRNA expression level (Table 4.1). 

Well known virulence genes, such as algR, pqs operons, were identified as differentially 

expressed in both protein and mRNA level. mexEF-oprN operon is one of top hits 

according to fold change between two strains, in both protein and mRNA level, so we 

tested the phenotype related to this operon expression. It has been shown that 

overexpression of mexEF-oprN operon will increase the resistance to antibiotics, such as 

chloramphenicol(Fetar et al., 2011), so we expected that PAO1 has higher resistance to 

chloramphenicol, compared to PA14 because of higher expression of mexEF-oprN 

operon. As shown in Figure 5, we confirmed that PAO1 showed higher resistance to 

chloramphenicol, compared to PA14. We also identified genes involved in several amino 

acid metabolisms were differentially expressed between PAO1 and PA14 (Table 4.2), 

probably affecting different metabolism characteristics between two strains. 

 

DISCUSSION 

In this study, we measured the correlation of mRNA and protein abundances of 

703 orthologous gene pairs in two P. aeruginosa reference strains PAO1 and PA14. 

Similar to previous studies, we observed that the correlation of mRNA to protein 

abundance (Rs 0.63 ~ 0.65) within each strain is lower than the protein abundance 

correlation (Rs=0.89) and the mRNA abundance correlation (Rs=0.95) between the two 

strains. In contrast to previous studies(Schrimpf et al., 2009; Laurent et al., 2010; De 

Sousa Abreu et al., 2009), we observed that mRNA abundance is significantly more 

correlated than protein abundance. One possible explanation is that mRNA regulation is 

very sensitive to environment so high correlation of mRNA abundance can be observed 
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only when the data were collected at very similar condition, as we did in this study. 

Alternatively, microarray platforms used in previous studies to measure mRNA 

abundance in different species may be the cause of discordance of mRNA abundance 

between orthologous gene pairs in different species, because divergence in nucleotide 

sequence may be large enough to have different hybridization effect in microarray. Also 

it may be possible that we observed higher correlation in mRNA abundances compared to 

correlation in protein abundances, because the variation between biological replicates in 

mRNA measurement was less than the variation in protein measurements. However, after 

filtering out inconsistent data between biological replicates, we observed very high 

correlation (Spearman rank correlation greater than 0.95) between both mRNA and 

protein abundances, so it is unlikely that the experimental variance between mRNA and 

protein abundances affected significantly to the result. 
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Figure 4.5 Differential expression of mexEF-oprN operon and chloramphenicol 
resistance test 

 

Because both protein and mRNA abundance are highly correlated between 

strains, better than within each strain, we reasoned that each gene would have a 

conserved protein-per-mRNA ratio between PAO1 and PA14. We confirmed that the 

protein-per-mRNA ratio is also highly correlated, higher than mRNA to protein 

correlation in each strain (Figure 4.2). However, when we compare protein and mRNA 

abundances of P. aeruginosa to those of E. coli, we observed that correlation of protein-



per-mRNA ratio was very low (Rs = 0.26 for PAO1, Rs = 0.37 in PA14; Figure 4.4C), 

although both protein and mRNA abundances were modestly correlated (Rs = 0.5 ~ 0.6). 

According to Figure 1 and Figure 3, we assume linear relationship between protein and 

mRNA abundance in each organism. At the same time, we also expect similar linear 

relationship between protein and mRNA abundances between orthologous gene pairs in 

different organisms. With additional assumption of steady-state for both protein and 

mRNA abundance (degradation and synthesis are not considered), their linear 

relationship can be described as below: 
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Here αspeciesX means global translational efficiency in species X, representing how 

many proteins can be produced from a given mRNA amount. If gene-specific post-

transcriptional regulation is negligible, global translation efficiency should be dominant 

so protein-per-mRNA ratio will be constant for all genes in a given species (αspeciesX). 

However, as shown in Figure 2, protein-per-mRNA ratios of PAO1 and PA14 were 

normally distributed, and those of orthologous genes in two strains were highly correlated 

each other, but not between P. aeruginosa and E. coli. Based on these observations, we 

revised equation as below: 
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riptional regulators, such as nutrition 

cues, non-coding RNA, or RNA-binding proteins. 

KE

 

Here, βspeciesX,geneY means gene Y specific post-transcriptional regulation factor in 

species X, representing adjustment of translation for individual genes to its mRNA 

amount. We concluded that gene-specific post-transcriptional regulation factors 

βspeciesX,geneY were conserved only between closely related two P. aeruginosa strains, 

PAO1 and PA14, but not between relatively distant P. aeruginosa and E. coli. It should 

be noted that these post-transcriptional regulation factors will be varied depending on 

environmental conditions and related post-transc

 
Pathway Name GG ID p  -value Genes 
Mismatch repair 3430 0.015 PA1529,PA1532,PA1816 

Nucleotide excision repair 3420 0.001 PA1529,PA3002,PA4234 
D n PA1529,PA1532,PA1816,PA4931 NA replicatio 3030 0.000 

Nicotinate and nicotinamide 
0760 0.004 

PA0143,PA3625,PA4920 
metabolism 

Selenocompound metabolism 0450 0.035 PA0849,PA1642 
Fatty acid biosynthesis 0061 0.014 PA1609,PA1610,PA2965,PA3645 

0400 0.040 
PA0650,PA0870,PA0872 Phenylalanine, tyrosine and 

tryptophan biosynthesis 
Phenylalanine metabolism 0360 0.004 PA0865,PA0870,PA0872,PA5304 

Pyrimidine metabolism 0240 0.020 PA0849,PA1532,PA1816,PA3625,PA3654 

Table 4.2 KEGG pathways enriched in differentially expressed proteins between 

PAO1 and PA14. 

 

According to protein-per-mRNA ratio we measured in this study, we also 

identified genes with significantly high or low protein-per-mRNA ratio, and genes 

without protein observation although we observed enough mRNA abundances. With 

KEGG pathway enrichment analysis, we identified ribosomal proteins (PA3745, PA4432, 

PA5049) showed significantly high protein-per-mRNA ratio. Also, we identified that 

genes involved in Trepenoid backbone biosynthesis (PA3627, PA4557), nucleotide 
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tein (also containing RNA-binding 

domain

o we concluded that translational suppression we observed here was not 

technic

excision repair (PA1529, PA4234), one carbon pool by folate (PA0944, PA1843) showed 

low protein-per-mRNA ratio, and genes in oxidative phosphorylation (PA1582|sdhD, 

PA2643|nuoH, PA2645|nuoJ, PA2646|nuoK, PA2648|nuiM, PA4430) were highly 

suppressed in translation because of lack of protein observation with reasonably high 

mRNA level. However, it is not clear the role of post-transcriptional regulation of these 

genes. Cold shock protein capB (PA3266) was reported to have extremely high protein-

per-mRNA ratio (Figure 2). It has been shown that cold shock proteins were post-

transcriptionally regulated(Gualerzi et al., 2003), and capB is actively expressed in the 

Antarctic biodegradative Pseudomonas (Panicker et al., 2010). However, there is no 

study to investigate the role of this cold shock pro

) in P. aeruginosa under CF lung condition.  

It might be able to explain low protein-per-mRNA ratio or translational 

suppression by low detectability in shotgun proteomics. One possible case is post-

translational modification of proteins that could be missed in database search in shotgun 

proteomics, but most of proteins we observed in this study have more than two peptides 

identified so it is unlikely to have systematic bias by those unidentified modified 

peptides. Another possibility to explain translational suppression is systematic bias of 

mass spectrometry for certain types of proteins, such as membrane proteins. Although we 

identified more proteins localized in cytoplasm than those localized on other cellular 

compartments, there was no significant difference in protein-per-mRNA ratio according 

to localization, s

al bias.  

Although both PAO1 and PA14 strains were used as a control strain in many P. 

aeruginosa experiments, we identified 114 orthologous gene pairs showed significantly 

different protein expression levels between them. Interestingly, only 14 of them also 
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such as small non-coding RNA or RNA-binding 

protein

showed significantly differential expression in mRNA (Table 4.1), so we concluded that 

difference between PAO1 and PA14 are mainly derived from post-transcriptional 

regulation. For 114 genes differentially expressed in protein level, we analyzed them 

further to identify the cause of different protein expression levels. In addition to 14 genes 

showing significantly different mRNA levels, 42 genes showed difference in mRNA 

level with same direction as protein difference, so differential protein expression of these 

56 genes (49.1%) may be explained by different mRNA abundance. Next, we analyzed 

the binding energy of Shine-Dalgarno motif to 3’-end of 16S rRNA sequences, assuming 

that high affinity of ribosome binding may increase translational efficiency. To normalize 

the effect of different mRNA abundance, we compared protein-per-mRNA ratio instead 

of protein abundance, and ask whether different protein-per-mRNA ratio can be 

explained by ribosomal binding energy. As a result, different protein-per-mRNA ratios 

between 14 gene pairs (12.3%) were explained by different ribosome binding energy. 

However, we could not find the cause of remaining 38.6% of gene pairs showing 

different protein abundances. In circumstance of high sequence similarity of orthologous 

genes between PAO1 and PA14, we think that intrinsic sequence features, such as 

sequence length, may not be able to explain this difference. Also, our group reported that 

various sequence signatures and mRNA concentration can only explain 66% of protein 

abundance in human cell(Vogel et al., 2010), so these sequences may be the target of 

extrinsic post-translational regulation, 

s (Sonnleitner and Haas, 2011). 

We also showed that many virulence genes in P. aeruginosa are differentially 

expressed in protein level under SCFM condition. We observed that mexEF-oprF operon 

showed significantly different abundances between PAO1 and PA14 in both mRNA and 

protein level. Because this operon is known to increase antibiotic resistance by forming 
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 of this operon in PAO1 may be 

indepen

ese protease systems in post-transcriptional 

regulat

efflux pump(Fetar et al., 2011; Llanes et al., 2011), we tested whether PAO1 and PA14 

showed different antibiotic resistance with chloramphenicol. As shown in Figure 5, we 

confirmed that PAO1 strain with high expression level of mexEF-oprN was more 

resistant than PA14. Although MexT is known as the regulator of mexEF-oprN operon 

(Fetar et al., 2011; Köhler et al., 1999), its expression level, in both mRNA and protein, 

was very low in our experiment, so high expression

dent to MexT (Kumar and Schweizer, 2011). 

Another interesting gene showing different abundance in both mRNA and protein 

was lon proteases (PA1803). Proteases are one of key players in post-transcriptional and 

post-translational regulation, because it can quickly regulated protein abundance by 

degradation (Gur et al., 2011; Gottesman, 2003). Recently it has been shown that lon 

protease is important in antibiotic resistance (Brazas et al., 2007) and biofilm formation 

(Marr et al., 2007) in P. aeruginosa. It is possible that some of differentially expressed 

proteins identified in this study may be targets of lon protease, so different amount of lon 

may regulate protein levels in two strains. By analyzing other proteases, we identified 

that hslUV complex were also differentially regulated between PAO1 and PA14. hslU, an 

ATPase domain, was differentially expressed, and a proteolytic subunit hslV was 

completely suppressed in protein level although it has modest mRNA level. hslV is also 

shown as beneficial in chronic airway infection (Bianconi et al., 2011), so it would be 

interesting to investigate the role of th

ion and virulence of P. aeruginosa. 

Many genes in PQS synthesis showed differential protein expression between two 

strains, and two of them (pqsB, pqsC) showed also significantly different mRNA 

expression, so we looked further expression levels of all PQS genes, confirming that most 

of them were differentially regulated between PAO1 and PA14 in SCFM. By KEGG 
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e very important factors in P. aeruginosa chronic 

infectio

pathway enrichment test, we also identified genes involved in several key metabolism 

pathways, such as amino acid metabolism, fatty acid biosynthesis and pyrimidine 

metabolisms were differentially expressed in protein level between them. Phenyalanine 

metabolism is tightly linked to PQS synthesis that is required in quorum sensing (Palmer 

et al., 2010), so different post-transcriptional regulation affecting protein abundance in 

these two reference strains may be able to explain their different virulence. Recently, our 

group also published four putative transcriptional units regulated by PhhR, the important 

aromatic amino acid response regulator that can control PQS synthesis in cystic fibrosis 

chronic infection (Palmer et al., 2010). Out of four transcriptional unit we tested (phhA, 

hpd, hmgA, dhcA), genes in two transcription units (phhA and dhcA) showed 

significantly different protein-per-mRNA ratio. Together with these results, post-

transcriptional regulation seems to b

n, especially PQS synthesis.  

Our approach to measure protein and mRNA abundance between closely related 

organisms may be complementary to other previous studies that measured those 

abundances of single organism in different conditions (Maier et al., 2011; Güell et al., 

2009; Nie et al., 2006a, 2006b; Lee et al., 2011; Buescher et al., 2012). Although these 

studies observed similar discordant tendency to protein and mRNA abundance and 

importance of post-transcriptional regulation, it is still not clear how to reveal detailed 

mechanism in post-transcriptional regulation. Recently, several studies reported about 

genome-wide effect of trans-acting post-transcriptional regulation in bacteria, such as 

small RNA (Sonnleitner and Haas, 2011; Sonnleitner et al., 2009, 2011; González et al., 

2008) and RNA-binding proteins(Vogel and Luisi, 2011; Sonnleitner et al., 2006), for 

synthesis, stability and degradation. It would be interesting to investigate how much of 
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these regulation mechanisms can help to explain discordance between protein and mRNA 

ture. 
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MATERIALS AND METHODS 

Strain and growth conditions Pseudomonas aeruginosa PAO1 and UCBPP-

PA14 (called ‘PA14’ in this study) were grown in 25 ml of Synthetic Cystic Fibrosis 

sputum medium (SCFM), which mimics the nutritional environment of the cystic fibrosis 

lung (Palmer et al., 2007), at 37°C with shaking at 250 rpm. Cells were harvested at an 

OD600 of 0.4 to 0.5. We performed two biological replications for each 

nscriptomics experiment and proteomics experiment were not collected 

simultaneously, but they were grown under identical growth condition. 

Microarray transcriptome experiments. The detailed microarray experiment 

protocol was described in previous studies (Huse et al., 2010; Laurent et al., 2010). 

Briefly, cultures were mixed 1:1 with RNAlater (Ambion), an RNA stabilizing agent. 

RNA was isolated using the RNeasy mini kit (Qiagen), and cDNA was prepared for 

hybridization to Affymetrix GeneChip microarrays. GeneChips were washed, stained, 

and scanned using an Affymetrix fluidics station at the University of Io

 These data were available at NCBI GEO database (accession number 

GSM546278- GSM546281), as part of previous study (Huse et al., 2010). 

Transcriptome analyses. We preprocessed microarray .CEL files with the RMA 

method by using the affy package (Gautier et al., 2004) (Version 1.32.1) in R (version 

2.14.1) with default options. To assign microarray probesets to gene, we downloaded 

probe sequences from the Affymetrix website (http://www.affymatrix.com) and mapped 

them to both P. aeruginosa PAO1 genome(Stover et al., 2000) (GenBank accession 
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ented in limma package(Smyth, 2004) (version 3.10.3). We 

called 

five hours. The raw files from 

number NC_002516.2) and PA14 genome(Lee et al., 2006) (GenBank accession number 

NC_008463.1) by using Exonerate(Slater and Birney, 2005) (version 2.20). Then we 

mapped those uniquely mapped probes again to P. aeruginosa PAO1 and PA14 cDNA 

sequences (Downloaded from PseudoCAP(Winsor et al., 2005), 2009-Nov-23 version), 

and assign probeset to gene if 12 ~ 14 probes in a probeset were mapped to single gene. 

Differential expression analysis between two strains was conducted by using empirical 

Bayesian method implem

differentially expressed genes by greater than 2 fold-changes and less than 0.05 

adjusted p-value cutoffs. 

LC-MS/MS proteomics experiments. The detailed proteomics experiment 

protocol was described in previous study (Laurent et al., 2010). Briefly, cells were lysed 

by French press three times and cellular lysate was collected from supernatant after 20 

min centrifugation at 10,000 rpm. Lysis buffer consisted of 25mM Tris-HCl (pH 7.5), 5 

mM DTT, 1.0 mM EDTA and 1x CPICPS (Calbiochem protease inhibitor cocktail). 50 

µl of diluted cell lysate (2mg/ml; diluted with 50 mM Tris-HCl buffer if necessary) was 

incubated at 55 °C for 45 min, with 50 µl of trifluoroethanol (TFE) and 15 mM 

Dithiothreitol (DTT), then incubated with 55 mM iodoacetamide(IAM) in the dark for 30 

min. After diluting the sample to 1 ml with buffer (50mM Tris, pH 8.0), 1:50 w/w 

Trypsin was added for 4.5-hour digestion (halted by adding 20 µl of formic acid, 

resulting in 2% v/v, afterward). The sample was lyophilized, resuspended with buffer C 

(95% H2O, 5% acetonitrile, 0.01% formic acid), and cleaned up using a C18 tips (Thermo 

Fisher). The eluted sample was again lyophilized, resuspended with 120 µl buffer C, then 

filtered through a Microcon-10 filter (for 45 min at 14,000 g at 4 °C). Each sample was 

injected 5 times into an LTQ-Orbitrap Classic (Thermo Electron) mass spectrometer and 

data was collected in a 0 to 90% acetonitrile gradient over 
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MS/MS

(used FDR<0.01 estimated by MSblender). Because MSblender only provide 

peptide evel probability, we set protein probability as 1.0 in original APEX formula as 

below: 

 

 experiments are available at accompanying website 

(http://www.marcottelab.org/index.php/PSEAE_ref.2012). 

Proteomics analysis. Each RAW files were searched independently to P. 

aeruginosa PAO1 and PA14 protein sequence database (downloaded from PseudoCAP 

database(Winsor et al., 2005), 2009-Nov-23 version), respectively. Database of each 

strain contained the same number of randomly shuffled protein sequences as decoy 

database. We used Bioworks/SEQUEST(Eng et al., 1994) (Thermo Electron; version 

3.3.1 SP1), X!Tandem with k-score(Keller et al., 2002, 2005) (2009.10.01.1 LabKey and 

ISB version, included in TPP 4.3.1 package), InsPecT(Tanner et al., 2005) (20100331 

version) and MS-GFDB(Kim et al., 2010) (06/16/2011 version) for database search, and 

combined these results with MSblender (Kwon et al., 2011), considering peptide-

spectrum matches with estimated FDR less than 0.01. We used same searching parameter 

as described previously(Kwon et al., 2011), except MS-GFDB that we newly added for 

current study (‘-t 30ppm –c13  1 –nnet 0 –n 2’). APEX scores (Lu et al., 2007; Vogel 

and Marcotte, 2008) were calculated after then, with weighted spectral counts per each 

protein 
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To estimate Oi values for each protein, we analyzed both SEQUEST and 

X!Tandem results of each biological replicates with PeptideProphet(Keller et al., 2002) 



and ProteinProphet(Nesvizhskii et al., 2003), then used this output with APEX GUI 

program(Braisted et al., 2008). APEX Oi values were trained with proteins with 

ProteinProphet probability greater than 0.99, and used FPR<0.01. We used 25,000 as 

APEX constant. We confirmed that Oi values calculated with SEQUEST result and those 

with X!Tandem result were well correlated (data now shown), so we took the mean of 

them as representative Oi values for individual proteins. Oi values for both strains and all 

proteomics analysis data is available at accompanying website. Differentially expressed 

proteins were called by using QSPEC(Choi et al., 2008) (version 2; 5,000 burn-ins and 

20,000 iterations). No additional normalization was applied because APEX scores were 

already normalized. We used same criteria as microarray differential expression analysis, 
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version

 than 2-fold change and FDR less than 0.05. If the sum of two strains’ APEX 

scores was less than 1.0, we did not include that gene in differential expression analysis.  

Orthology and 5’-sequence analysis. To define orthologous genes between 

PAO1 and PA14 strain, we used InParanoid(Remm et al., 2001) (version 4.1) with 

protein sequences of each strain downloaded from PseudoCAP (2009-Nov-23 version). 

To analyze 5’-sequences of cDNA containing Shine-Dalgarno motif, we extracted 50-bp 

length DNA fragments around translational start site of each gene (from -25 bp to +25 

bp), and calculated Gibbs free energy of hybridization to the 3’-end of 16S rRNA (33 bp 

for PAO1 and 31 bp for PA14; they are almost identical except PAO1 has extra ‘AA’ at 

the end so w uded them in calculation). Modified ‘melt.pl’ wra

 3.8(Markham and Zuker, 2008) and ‘hybrid-min’ program were used in this 

analysis.  

Other statistical analysis. Translationally suppressed genes (no protein observed 

in shotgun proteomics experiment although they have reasonably high microarray 

signals) were identified by mRNA abundance cutoff that 80% of genes with greater than 
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 used genes observed 

protein

FM agar plate using a sterile cotton 

swab. Sterile discs containing different amounts of chloramphenicol were placed on the 

 

I have prepared the manuscript of this work with Holly K. Huse (Holly and I may 

be co-first authors). We plan to submit this paper in near future. 

that cutoff mRNA level has a chance to be observed protein abundance, based on 

comparison of mRNA abundance distribution of genes with protein observation to that of 

genes without protein observation. To apply more stringent cutoff, we sorted all genes 

with mRNA signals greater than that 80% protein observation chance cutoff, and 

removed genes at bottom 20%. To report genes with high or low protein-per-mRNA 

ratio, we calculated protein-per-mRNA ratios of 703 gene pairs identified in both strains 

with mean of two replicates, then applied |z-score| > 1.97 cutoff. We confirmed that this 

protein-per-mRNA ratio distribution followed normal distribution by Shapiro-Wilk test 

(P-value < 1.0x10-9). For KEGG pathway enrichment test, we

s at least in one strain or genes with mRNA observation in both PAO1 and PA14 

as a background, and estimated p-value by 10,000 random draws. 

Chloramphenicol resistance test. PAO1 and PA14 were diluted to OD 0.01 in 

25 ml SCFM in a 250 ml flask. Cells were grown at 37°C with shaking at 250 rpm to 

reach an OD 0.4 ~ 0.45, then spread on half of an SC

plates, which were then incubated overnight at 37°C.

 

RELATED PUBLICATIONS 
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Chapter 5. Conclusion 

 

By conducting a large-scale Pseudomonas aeruginosa transcriptome experiment, 

I investigated gene expression changes throughout chronic infection inside cystic fibrosis 

patients, and found evidence of parallel evolution of beneficial traits. By unsupervised 

hierarchical clustering analysis, I showed that each isogenic group has a distinctive gene 

expression pattern. Although the three isogenic groups have distinctive genetic 

background showing significantly different gene expression patterns, the expression of 24 

particular genes were consistently changed over time, suggesting that traits generated by 

their expression changes would be beneficial to maintain chronic infection of 

Pseudomonas aeruginosa in cystic fibrosis patients. Unfortunately, of the trait changes I 

did observe across the different groups, I could not identify genetic causes with gene 

expression data alone, because of lack of genome sequences. With the help of second-

generation high-throughput sequencing technology, recently I could access the genomes 

of all 17 strains used in this study. By analyzing genetic changes across all strains 

together with gene expression data, it may be possible to reveal more detailed reasons of 

benefits by gene expression changes for those 24 genes. Also, it may help to capture 

more candidates of parallel evolution that were not apparent before in the stringently 

applied transcriptome-based analysis. As shown in comparison of two reference strains, 

proteomics may be more informative to understand molecular characteristics of the cell, 

so it may be interesting to conduct proteomics experiment with these 17 strains to 

identify common traits in parallel evolution in protein level. 

Although transcriptome analysis is very powerful, as I demonstrated in the first 

study, most genes have another level of information flow: translation. So I investigated 
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proteomics by using tandem mass spectrometry coupled with liquid chromatography 

(LC-MS/MS). Protein identification and quantification are strongly dependent on the 

performance of database search engines, as different search engines which use different 

scoring schemes for peptide-spectrum matching produce quite different outcomes. 

Realizing this, I had originally planned to benchmark the performances of different 

search engines and simply select the best performing search engines for my shotgun 

proteomics experiment. However, the performance trends were not consistent across 

various test datasets, and I thus could not select a single best database search method. 

Here my strategy evolved to integrate multiple search engine results. By incorporating 

different evaluation scores for each individual peptide-spectrum matching method into a 

unified statistical framework, this approach also boasts the added benefit of a tunable 

false discovery rate. The resulting approach, named MSblender, proved superior to other 

single search engine-based methods, not only by identifying more proteins, but also by 

assigning more spectra for each identified protein. MSblender is exceptional in improving 

quantification of low abundant proteins, and discriminating differentially expressed 

proteins more accurately. Several recently developed methods incorporate more 

information than spectral counting, such as ion intensities of MS1 and MS2 (Cox and 

Mann, 2008; Trudgian et al., 2011). It would be interesting to integrate ion intensity 

based quantification methods with the integrative search scheme of MSblender. Also, the 

current integration method considers only the single best matched peptide per spectrum, 

mainly because some search engines do not have options to report second-best or third-

best hits. If this information is made available, MSblender can be improved significantly 

by reducing missing values on its input. 

Using this newly developed proteomics analysis method, I investigated both the 

transcriptomics and proteomics of two reference Pseudomonas aeruginosa strains, PAO1 
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and PA14. Although these two strains have highly similar genomes, previous studies 

have reported that they are physiologically quite different, including virulence in various 

model organisms (Carilla-Latorre et al., 2008; Tan et al., 1999). To date, there has been 

no systematic comparison between these two strains, I thus examined their proteomic and 

transcriptomics differences in the same manner, in which I had investigated the 

transcriptomes of the P. aeruginosa clinical isolates. In addition, it was also an interesting 

dataset to investigate the correlation of protein and mRNA abundances. In contrast to 

previous transcriptome studies (Schrimpf et al., 2009; Laurent et al., 2010), because of 

high sequence similarity between the two strains, I could minimize any technical bias that 

may arise from using different experiment platforms for different organism. Also, with 

stringently controlled growth conditions, I also minimize environmental difference that 

can affect gene expression, in both mRNA and protein level. In concordance with 

previous studies (Schrimpf et al., 2009; Laurent et al., 2010), I observed that the 

correlations of both protein and mRNA abundances between the two strains were higher 

than the correlation between mRNA and protein abundances in each individual strain. In 

addition, I found that the protein-per-mRNA ratio, a quantity that combining translational 

efficiency and post-transcriptional regulation, is conserved between the two P. 

aeruginosa strains, but not between P. aeruginosa and Escherichia coli. This suggests 

that post-transcriptional regulation is conserved between closely related strains and not 

between evolutionarily distant species. I also identified 114 proteins that were 

differentially expressed in the two reference strains under a growth condition that mimics 

the nutritional condition inside cystic fibrosis patients. Many of the 114 proteins are 

known to be involved in chronic infection establishment of P. aeruginosa, such as 

antibiotic resistance, quorum sensing and biofilm formation. Interestingly, less than half 

of the protein levels can be explained by mRNA abundance and translational efficiency, 
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confirming that post-transcriptional regulation is an important mechanism in 

understanding the molecular physiology of pathogenic bacteria.  

I have presented here a systematic investigation of the transcriptomes and 

proteomes of pathogenic bacteria with the ultimate goal of understanding their molecular 

characteristics in gene expression regulation. The data and analyses I have provided build 

toward a better understanding of the elaborate mechanisms involved in gene expression 

regulation in transcription and translation. My research exhibits practical benefits beyond 

a better understanding of basic biology; it also aims to improve the understanding of 

pathogenesis of bacterial infectious diseases. 
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Appendix 

 

In addition to projects I described in this dissertation, I have been working on 

various projects through last five years. I have not incorporated them into main text 

because most of them are needed to do additional works to wrap up, for the record, here I 

will describe their goals, current states, and future plan.  

 

1. Xenopus laevis genome sequencing 

I have started working on Xenopus laevis genome sequencing since 2009. This 

project is in collaboration with Joint Genome Institute (JGI), Richard Harland lab at UC 

Berkeley, and they are more focused on genome sequencing/assembly with Illumina 

sequencer. Originally we also planned to do shotgun genome sequencing with ABI 

SOLiD sequencer, but we changed the direction to focus more on RNA-seq, instead of 

genome sequencing, to prevent redundant investment in late 2010. 

I am mainly working on (1) de novo transcriptome assembly of RNA-seq data to 

construct gene models, and (2) quality evaluation of genome scaffolds (from JGI). 

Currently I have assembled ~ 20,000 good candidate sequences as gene models (purely 

assembled from RNA-seq data), per experiment (and I publicly released those of 4 

experiments in our website so people in the Xenopus community can use it). 

For de novo assembly, first I run velvet+oases pipeline for various k-mer setting 

(k=25,29,33,37,41,45), then run the pipeline again for the secondary assembly with k=33 

setting with ‘-long’ option, to assemble truncated contigs into longer contigs. Because it 

is hard to discriminate sequence errors to genetic variations, velvet+oases pipeline reports 

all possible transcripts without merging (most cases, but not all), so I need to reduce the 
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redundancy. Currently I am working on this post-processing steps, mainly using 

supervised training method that our lab used for functional network construction (training 

sequence features with known protein/cDNA sequences, then apply trained classifier to 

whole dataset to filter out false positives). I plan to release first version of unified gene 

models (derived from 7 independent RNA-seq data) this summer, including 

alloallele/homeoallele information. 

I presented this effort in Xenopus resource meeting in 2010. After then, I have 

been contacted from many Xenopus labs across the world. During writing this 

dissertation, Dr. Masanori Taira at University of Tokyo, Japan, contacted me to 

contribute his enormous RNA-seq dataset (11 embryonic development stages and 15 

adult tissues; roughly 8.7 billion 2x100 bp reads). Sometimes they simply wanted to 

contribute their RNA-seq data to improve gene models. However, some groups want me 

to be involved in data analysis (by offering authorship), so currently I have involved in 

several Xenopus laevis related studies. Here I describe some notable projects among 

them. 

 

1.1 Oocyte transcriptome + proteome 

I collected mRNAs and proteins from two unfertilized X. laevis egg, and did 

RNA-seq & MS/MS proteomics experiments. Original purpose of this experiment is to 

compare protein and mRNA abundances relationship between X. laevis egg and mouse 

oocyte (there are several RNA-seq/proteomics data available for mouse oocyte), 

expanding my work in two P. aeruginosa strains to eukaryotic organisms. 

Also, with this data, I could identify all maternal genes important in maternal-to-

zygotic transition with this data. Recently, one paper published in PNAS, claiming that 

Xenopus laevis egg extract has some unknown boosting factors that can increase the 
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success rate of iPS (doi: 10.1073/pnas.1100733108). So I may be able to hunt that 

unknown factors with this.  

Currently I have about 400 millions of RNA-seq reads, and 4 injections of LC-

MS/MS data (2 injections with Orbitrap-Classic, 2 injections with Orbitrap-Velos). In 

addition, I have gotten the fractionation LC-MS/MS data from Martin Wuehr at Harvard 

(Marc Kirschner/Steven Gygi lab). As soon as I finish the first unified gene model 

construction, I will analyze this data to identify possible ‘reprogramming factors’ 

available in X. laevis eggs. I am thinking about validating those factors in iPS generation, 

with Dr. Jonghwan Kim, but I may need to discuss more details with him later.  

 

1.2 Haploid tadpole transcriptome + proteome 

In the collaboration with Marta Teperek-Tkacz in John Gurdon lab (University of 

Cambridge), I am planning to do transcriptome and proteome analysis in haploid tadpole 

(stage 10.5). Xenopus can be developed until tadpole stage with one copy of chromosome 

(either from sperm or from egg, called paternal haploid and maternal haploid, 

respectively). Although there are several studies available about haploid cells, such as 

yeast, mouse embryonic stem cell, and zebrafish, X. laevis systems is more interesting 

than any of them because of its allotetraploidy. By investigating transcriptome and 

proteome of those samples (diploid as control, one for paternal haploid, the other for 

maternal haploid), I would like to see the gene dosage effect of duplicated alloalleles in 

X. laevis tadpole. All the samples are already ready, so I may be able to start the 

experiment within few months.  

 

1.3 Tissue specific expression 
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I have RNA-seq data from 5 different tissues (heart, testis, liver, lung, stomach) 

generated by SOLiD sequencers. Because of color-space read issues, I am not using this 

data much at this moment (little bit tricky to use in de novo assembly). However, after 

building reasonable gene models with alloallele information, I am going to analyze this 

data to see tissue specific expression patterns of alloalleles. Dr. Markus Raeschle in 

Mathias Mann group (MPI, Germany) proposed me to do some proteomics experiments 

to verify gene models a while ago, so I am also planning to propose him to get tissue 

proteomics data to look at alloallele expression patterns in different tissues this summer.  

 

1.4 Embryonic pharyngeal arch development 

In the collaboration with Tae Joo Park (UNIST/Korea), I am looking at gene 

expression patterns of pharyngeal arch development. Each arch has unique gene 

expression pattern, and it may be important in craniofacial morphogenesis. However, it is 

little bit tricky to study because of difficulty in sample collection. Tae Joo Park, a former 

graduate student in John Wallingford lab, is studying this with RNA-seq data, collected 

from individual arches. I have identified genes specifically expressed in each arches, 

based on known gene models, and planned to expand this gene set with newly assembled 

gene models near future. Tae Joo is also planning to confirm the gene list by high-

throughput in situ hybridization experiment. 

 

1.5 The role of RFX2 in ciliagenesis 

In collaboration with Meii Chung in John Wallingford lab, we are looking for the 

role of transcription factor RFX2 in ciliagenesis during Xenopus laevis development. By 

analyzing RNA-seq data, we identified several downstream candidate genes, and 

validated them by using transgenic mice. We have some evidences that RFX2 is 
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important in intercalation of cilated cells into epithelia. Also it is important to initiate 

cilia motility. In addition to further analysis of RNA-seq data with constructed gene 

models, we are also planning to do ChIP-seq experiment, to validate the target of RFX2 

in near future.  

 

1.6 Pancreas differentiation  

In collaboration with Marko Horb at MBL, I am analyzing their huge RNA-seq 

dataset (~ 1 billion reads, 2x100 bp). The goal of this project is to identify molecular 

mechanism in pancreatic beta-cell differentiation. They tested the condition that 

differentiated animal cap into pancreatic beta cells, and the mixture of pancreatic alpha 

cells and beta cells, to find specific mechanism of pancreatic beta cell differentiation. 

Together with microarray data they published last year, I am analyzing their RNA-seq 

data, to identify differentially expressed genes in different conditions. I am planning to 

deliver the candidate genes to them this summer so they can do some validation 

experiments for publication.  

 

1.7 Development time series in J-strain 

As I mentioned above, I have received about 8.7 billion RNA-seq reads from 

University of Tokyo, during my dissertation writing. I am planning to work on this during 

this summer, and release the comprehensive gene models and their expression patterns (if 

Japanese group allows me to work on it) before Xenopus meeting this fall. 

 

2. Tn-RNA-seq: Transposon mutant library screening by sequencing 

I almost finished developing the protocol for this experiment with the PA14 

library. But the PA14 library had extra transposon insertions so I could not use it for 
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screening (I will explain more in my committee meeting presentation). I asked Dr. Colin 

Manoil (University of Washington at Seattle) for his PAO1 mutant library, because he 

already published Tn-seq paper with that (with different protocol). However, in different 

complexity of mutant library (original PA14 library contains ~ 5k mutants, and PAO1 

library contains ~ 100k mutants), my protocol didn’t work. Currently I have some ideas 

to resolve this problem. I finished co-culture experiment of S. aureus with P. aeruginosa 

PAO1 library already. To finish up this project, I need to test new protocol with PAO1 

library, and validate it by sequencing. If required, I may do some validation experiments 

(probably with PA14 NR library) for co-culture experiment. 

I am considering two major changes (if feasible), to make it more practically 

useful & novel: (1) use IonTorrent instead of SOLiD/Illumina for cheaper screening, (2) 

do transposon-inserted RNA preparation together, to see gene expression.  

 

3. Bacillus subtilis that utilize 4-F-Trp instead of normal Trp 

I have been investigating this funky B. subtilis strain that Dr. Jeff Wong created in 

1980s, with Dr. Randall Hughes in Ellington lab. Its progenitor is Trp-auxotroph 

(QB928), but this HR23 can not utilize normal Trp, but 4-F-Trp instead. I’ve analyzed 

Illumina genome sequencing data from Hong Kong group (Dr. Jeff Wong & Dr. Ting-

Fung Chan). As a result, I found that all tryptophan metabolism genes are already 

destroyed, so there are not causes of 4-F-Trp auxotroph. There are ~ 100 mutations 

identified in HR23, but there is no clear mutation that can explain 4-F-Trp auxotroph, so I 

suppose that it would be synergistic effect of multiple genes. I also found that QB928 

sequence has a chunk deleted, relevant to the initiation of sporulation. Many 

peptidoglycan-related genes are mutated in HR23 (possible explanation for growth limit 

of HR23 in large scale).  
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I would like to test its growth in M9 media (much easier to grow) & PEG (may be 

helpful for cell wall defect). If it works, I may be able to do the MS/MS proteomics to 

confirm incorporation of 4-F-Trp into many proteins, and see the differential expression 

between two strains (QB928 and HR23). More analysis in genetic variations on genome 

may be necessary before writing the manuscript.  

 

4. TagMatch : a strategy to use RNA-seq data as MS/MS proteomics database  

The goal of this project is to use RNA-seq reads (without assembly) as a database 

in MS/MS proteomics. If it works, we can do MS/MS proteomics experiment with the 

organism that does not have genome. I am working on developing this approach to 

analyze my Xenopus oocyte data, together with assembled transcripts and known protein 

sequences (~ 10k). Original plan was to validate the gene models with proteomics 

evidence. But I think the method itself is enough to submit separate manuscript. 

In addition to Xenpus data, I collected two different public dataset for testing (one 

for HeLa cells, the other for planarian). Also, by using recently published large-scale 

proteomics data of commonly used cell lines and ENCODE RNA-seq data, I am thinking 

about hunting gene fusions in common human cell lines with this method.  

 

5.  RNA-seq profiling of antibody repertoires in different tissues 

In collaboration with Kam Hon Hoi & Costas Chrysostomou in Georgiou lab, I 

am investigating the population of antibody repertoire in different mouse tissues (lymph 

node, spleen, bone marrow, blood) after immunization by RNA-seq. Current 454 

sequencing data has some under-sampling issues (not consistent data across biological 

replicates), so I am working on simulation to estimate number of sequences we need to 
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estimate proper population (especially enriched antibody by antigen stimulation), and 

design the experiment with Illumina HiSeq to get enough depth in sampling. 

 

6. Analyze the role of transcription factor Id2a in zebrafish eye development 

Goal of this project is to identify targets affected by Id2a in zebrafish eye 

development. In collaboration with Rosa Uribe in Jeff Gross lab, I analyzed RNA-seq 

data from wild-type retina & Id2a-knockdown one. Original data was done by SOLiD 

without biological replicates, but it has a problem for searching genome-wide targets. 

Currently Rosa is working on doing the same experiment with biological replicates (by 

using Illumina HiSeq) 

 

7. Proteomics in outer membrane vesicles of Pseudomonas aeruginosa 

I started this project, to verify Aimee Weesel (Whiteley lab)’s outer membrane 

vesicle preparation protocol, by showing that there is no significant contamination of 

cytoplasmic proteins in her vesicle samples using shotgun proteomics. She has the oprF 

(major porin protein in P. aeruginosa outer membrane) deletion mutant, and PA14 

control. MS/MS proteomics quantification (with spectral counting by MSblender, and 

MS1-based quantification by MaxQuant) showed that there is no significant difference in 

cytoplasmic protein distributions between samples. With MS/MS data, however, we also 

find some interesting genes differentially identified in outer membrane vesicles. For 

example, exoU is a major toxin secreted outside cells. Although oprF mutant made more 

outer membrane vesicles, exoU level is decreased in oprF mutant.  
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