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Abstract 

 

Pseudomonas aeruginosa is an opportunistic pathogen that commonly infects 

immunocompromised patients (10, 22, 44).  P. aeruginosa is well represented in 

scientific literature, has a well-annotated genome, and is studied routinely in 

microbiology laboratories, making it ideal for the characterization of genome-scale 

properties and pathogenicity with a systems analysis approach.  We reconstructed the 

complete metabolic network of Pseudomonas aeruginosa PAO1.  P. aeruginosa contains 
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approximately 5500 annotated genes, of which approximately 19% are accounted for in 

the current metabolic network reconstruction.  There are 1056 genes, 1030 proteins, and 

883 reactions in the network.  Several predictions from the model were verified against 

Biolog growth data, a genome-scale knockout set, and other targeted datasets from the 

literature, using flux-balance analysis to identify key features of P. aeruginosa.  This 

genome-scale reconstruction serves as a tool for modeling P. aeruginosa physiology and 

for determining weak points in current knowledge, and should facilitate the 

characterization of this important pathogen. 

 

Introduction 

 

With genomes now being routinely sequenced and made available to the public, detailed 

annotations and various publicly available genomic resources have enabled the formation 

of genome-scale models of metabolism for a wide variety of organisms (see Figure 1) (8, 

11, 12, 19, 28, 43).  A wealth of data from well controlled experiments, as well as 

advancements in computational techniques, have allowed for these models to be used as 

predictors of metabolic behavior and to be improved through cycles of in silico model 

predictions, wet-lab validation, and subsequent model refinement.  This iterative process 

has dramatically increased the rate of biological discovery (32). 

 

Pseudomonas aeruginosa is a ubiquitous gram negative bacterium that is capable of 

surviving in a broad range of natural environments, although it is mostly known for its 

role as an opportunistic pathogen (26, 40, 51).  A high level of metabolic flexibility is 

often cited as a key reason for the versatility of P. aeruginosa, making study of 

metabolism in P. aeruginosa highly relevant to the study of its pathogenicity (3, 17, 47).  

While P. aeruginosa is generally found in aerobic environments, it is capable of thriving 

anaerobically in various conditions, and it can perform denitrification under oxygen-

limitation (39).  The ability of P. aeruginosa to live in absence of oxygen is often 

attributed in part for the high success of P. aeruginosa to chronically infect the lungs of 

cystic fibrosis (CF) patients, nearly all of whom have lifelong P. aeruginosa infections 

starting at an early age (34, 49).  P. aeruginosa is also a very important pathogen in 
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nosocomial infections and various acute infections in immuno-compromised patients 

(34).  The high metabolic versatility of P. aeruginosa, its role as an opportunistic 

pathogen, and the fact that its metabolism has been well studied make it an ideal subject 

for a genome-scale reconstruction and analysis effort. 

 

We present a genome-scale metabolic reconstruction of Pseudomonas aeruginosa PAO1 

(hereafter referred to as PAO1), called in silico strain iMO1056 following an established 

naming convention (33).  This model accounts for 1056 genes encoding 1030 proteins 

that catalyze 883 reactions (see Figure 1).  Gene-protein-reaction associations are 

accounted for in the reconstruction, as well as stoichiometry and thermodynamically 

derived directionality of all included reactions.  iMO1056 was constructed initially from 

the PAO1 annotation, with databases such as ExPASy and KEGG supplying additional 

functional information (15, 21).  Gaps in the initial reconstruction were filled by careful 

literature searches and homology searches, with an emphasis placed on completing 

pathways necessary for growth and for production of major virulence factors.  This 

reconstruction process led to the re-annotation of several open reading frames.  The 

model was validated against high-throughput growth experiments (90% match with 

growth on common substrates) and a published set of genome-wide knockout data (52% 

and 91% match with candidate essential and non-essential genes, respectively), and 

several additional predictions were made that may be subsequently tested regarding 

PAO1 physiology and virulence.  This genome-scale reconstruction thus serves to 

integrate high-throughput data to generate novel, testable hypotheses that may help probe 

PAO1 physiology and pathology. 

 

 

Materials and Methods 

 

Network Reconstruction 

 

The reconstruction process is outlined schematically in Figure 2, and details are described 

elsewhere (31).  The initial draft of iMO1056 was built from the annotated PAO1 
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genome available at the Pseudomonas Genome Database (www.pseudomonas.com), 

supplemented by literature mining and BLAST searches (48).  Biological databases 

EXPASY, KEGG, and TCDB were used to link annotated genes to reactions (15, 21, 35), 

and confidences were added to reactions based on the reported confidence level from the 

annotation.  Gaps in metabolic pathways necessary for cell growth and production of 

major virulence factors were filled through careful literature searches, and in some cases 

homology searches with BLAST on the Pseudomonas Genome Database and other online 

resources (37).  Genes added via these sources were assigned confidences based on the 

guidelines for confidence levels laid out in the Pseudomonas Genome Database genome 

annotation effort (48).  The PAO1 biomass reaction (defined as a relative weight of 

metabolites necessary to synthesize biomass, as described previously (45)) was assumed 

to be similar to the published E. coli biomass reaction albeit with some minor variations 

to account for PAO1-specific data, as described in supplementary material.  Energy 

efficiency of the electron transport chain in PAO1 was approximated by assuming that P. 

aeruginosa grown aerobically would have a similar P/O ratio to published values for 

Escherichia coli (27). 

 

Flux balance Analysis 

 

Flux Balance Analysis (FBA) is a computational method that predicts the growth rate and 

reaction fluxes in a metabolic network (see Figure 3) (23).  In order to obtain flux 

predictions, the metabolic network is assumed to be at steady-state, meaning that 

concentrations of metabolites in the system do not vary during simulations.  This steady-

state assumption, which makes FBA results directly comparable to data from cells at a 

fixed growth rate (i.e., in exponential phase), is necessary since kinetic parameters are not 

accounted for in iMO1056.  Certain exchange metabolites are allowed to violate the 

steady-state rule, since they represent metabolites taken up (at constant rates) from the 

environment.   

 

In FBA, a linear biomass reaction is defined and assumed to be the objective towards 

which the network is optimized.  The biomass reaction represents a weighted ratio of 
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components forming the dry weight of a cell, as well as hydrolysis of some ATP to 

account for energy needs involved in growth and cellular maintenance (45).  

Optimization for biomass is justified by the assumption that bacteria have been 

evolutionarily optimized for growth, and experimental studies have verified the 

reasonableness of this assumption (13).  FBA optimization is constrained by the 

stoichiometry of the network, upper and lower bounds on reactions set by thermodynamic 

and uptake constraints, and other conditional constraints such as gene knockouts (4).   

 

To perform FBA, the biomass reaction is maximized given the steady state condition that: 

 

S·v=0 

 

with S as the matrix representing the network (see Figure 3a) and v as the vector of all 

fluxes in the network (see Figure 3b, bottom panel).  This optimization yields a predicted 

optimal growth rate and set of system fluxes that will support this optimal growth (see 

Figure 3b, top panel).  See supplementary material for a discussion of constraints used in 

FBA simulations in this study. 

 

Formulation of the S matrix 

 

In order to perform FBA, a network must first be represented in the form of a 

stoichiometric matrix (S matrix), as shown in Figure 3a.  By convention, rows of the S 

matrix represent metabolites and columns represent reactions.  Reaction substrates have 

negative coefficients in the S matrix, while products have positive coefficients.  The S 

matrix for a network wholly describes the stoichiometry of reactions in the network. 

 

BIOLOG experiments 

 

PAO1 was tested for its ability to utilize various carbon sources using Biolog GN2 

Microplates (BIOLOG Inc. Hayward, CA, USA).  All procedures were performed as 

indicated by the manufacturer.  Bacteria were grown overnight in 28°C on a Biolog 
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Universal Growth agar plate.  Samples were swabbed from the surface of the plate and 

suspended in GN inoculating fluid.  Each well of the Microplate was inoculated with 

150µl of bacterial suspension and the plate was incubated in 28°C for 24h.  Subsequently 

the Microplate was read by a microplate reader and the read-outs were analyzed with 

MicroLog3 4.20 software. 

 

Technical computing methods 

 

Most FBA optimizations were performed on a Dell computer with 2GB RAM and a 

1.8GHz Intel core processor, linked to a dedicated database server with the Simpheny
TM

 

software (Genomatica, Inc.).  Network analysis and some other simulations were 

performed using the COBRA toolbox (2) in Matlab R2006a.   

 

Results 

 

Metabolic reconstruction of P. aeruginosa PAO1 

 

We generated a genome-scale reconstruction of PAO1 metabolism.  The reconstruction 

accounts for 1056 genes corresponding to 883 reactions, including anabolic pathways 

necessary for the synthesis of all major cellular biomass components from basic 

metabolic precursors (see Figure 6a for a complete network map).  As described in 

Methods, the reconstruction process included an initial model-building stage based 

heavily on public databases and literature, a gap-filling stage in which missing steps in 

essential metabolic pathways were refined, and finally a validation stage that includes 

comparison of model predictions with physiological data, Biolog growth data, and an 

experimentally determined set of likely essential genes. 

 

Aside from accounting for all major pathways necessary for growth of P. aeruginosa, an 

effort was made to reconstruct the principle virulence pathways of the bacterium.  The 

exceptional metabolic versatility of P. aeruginosa is implicated in many virulence 

processes, such as quorum sensing (7, 17), expression of lipopolysaccharide and 
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rhamnolipids (41), and notoriously the switch from non-mucoid to mucoid form and 

associated overproduction of the exopolysaccharide alginate (30).  Figure 4 lists the 

major virulence factors accounted for in iMO1056 and some relevant statistics associated 

with those pathways. 

 

Systematic Refinement of Genome Annotation 

 

A major value of a manual model-building effort is the careful revision of the current 

genome annotation based on literature evidence encountered during the model building 

process, BLAST searches, and gap closures.  Annotation refinements represent: (1) 

knowledge that was in the literature but had been overlooked in forming the annotation or 

(2) new hypotheses that came directly from the model building process.  Specifically, the 

identification of network gaps (instances where a metabolite can be consumed but not 

produced, or vice versa) using FBA optimization can highlight reactions that are 

necessary for a pathway to function, but are peripheral to the pathway and thus have been 

overlooked during pathway characterization in the past.  Figure 5 provides a list of 

recommended annotation refinements for PAO1 that came directly from the 

reconstruction process.   

 

The first level of annotation refinement is the assignment of a function to a previously 

uncharacterized gene based on literature evidence or a BLAST search.  An example of 

this in iMO1056 is the gene MtnP (PA3004), which was annotated as “probable 

nucleoside phosphorylase” but was found in literature to have the specific function of 5'-

methylthioadenosine phosphorylase (see Figure 6b) (38).  The MtnP gene was first 

identified in (38) through detailed sequence analysis, and then its function was confirmed 

in (38) by knocking out MtnP in a ∆MetZ strain of P. aeruginosa and observing a loss of 

growth on minimal medium, supplanted by methionine, homocysteine, or 

methylthioadenosine (38).  Necessary for the function of the methionine salvage pathway 

in P. aeruginosa and previously characterized in literature but not in the P. aeruginosa 

annotation, the inclusion of MtnP in iMO1056 is an example of how the manual 
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reconstruction process can benefit annotation efforts in a way that would be impossible 

with a more automatic model-building approach. 

 

The next level of gene annotation refinement is the assignment of a new function based 

on gap analysis.  This type of annotation refinement occurs when a gap in a pathway 

renders model growth impossible, and the missing reaction is subsequently identified by 

literature mining or a homology search.  For example, the previously uncharacterized 

‘conserved hypothetical protein’ PA4457 was identified as arabinose-5-phosphate 

isomerase gene (KdsD_h), a function that was previously lacking in the PAO1 annotation 

(see Figure 6c).  Gap analysis revealed a need for the production of D-arabinose-5-

phosphate in the network, to enable production of 3-deoxy-D-manno-2-octulosonate 

(KDO).  KDO links the backbone of the lipid A moiety to the core oligosaccharide of 

lipopolysaccharide, and is essential for growth of Pseudomonas (16).  A series of BLAST 

searches identified PA4457 as a putative arabinose-5-phosphate isomerase.  The function 

was then confirmed by BLASTing PA4457 against the NCBI database with an E-score of 

3*10
-130

 for arabinose-5-phosphate isomerase (KdsD) from P. fluorescens Pf-5.  For the 

newly annotated PA4457 gene, we addended a ‘_h’ to the gene name KdsD, since the 

function was ‘hypothesized’ based on our network analysis. 

 

Gap analysis also enables the reconciliation of conflicting knowledge in the literature.  

Initially, the PAO1 reconstruction was unable to produce biomass in the absence of 

oxygen.  The oxygen-consumption of the enzyme L-aspartate oxidase (NadB), which 

catalyzes the first step in production of nicotinamide adenine dinucleotide (NAD), was 

identified as the cause for the lack of growth.  Literature mining revealed that while 

NadB has a strict requirement for O2 when assayed in vitro, it has been suggested that 

another electron acceptor might suffice in absence of elemental oxygen in vivo (14).  In 

the network reconstruction, we included a reaction following the stoichiometry suggested 

previously in (14) (see Figure 6d).  However, it is noteworthy that NadB is not a lethal 

gene in P. aeruginosa, suggesting another pathway for NAD biosynthesis might exist (6).  

More detailed biochemical study will be needed to determine if there is another anaerobic 
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path for NAD synthesis in PAO1, and whether NadB truly can function in the absence of 

oxygen. 

 

Gap analysis was also used to refine reaction stoichiometry and reaction directionality of 

several reactions that were incorrect in published literature.  Such network refinements 

would be difficult to systematize without the context of a genome-scale model which 

accounts for the interdependency of reactions and metabolites.  A discussion of these uses 

can be found in the supplementary material.  

 

Growth predictions and validation 

 

The in silico growth rate of iMO1056 on glucose minimal medium was determined using 

FBA.  In silico constraints used for minimal medium conditions are outlined in 

supplementary material.  The growth rate was determined to be 1.048/hour with a 

dilution rate of 10 (mmol glucose)/(grams Dry Weight · h), giving an in silico yield of 

0.1048 (grams Dry Weight)/(mmol glucose).  This value for in silico yield falls within the 

range of experimentally determined values of yield for P. aeruginosa, which are reported 

in (46) as 0.094, 0.085, and 0.118 (grams Dry Weight)/(mmol glucose) at temperatures of 

30ºC, 38ºC, and 41ºC respectively.   

 

P. aeruginosa is renowned for its ability to survive by denitrification in anaerobic 

environments.  The pathway for denitrification of nitrate was included in the model, and 

iMO1056 is able to grow anaerobically with an in silico yield of 0.0846 (grams Dry 

Weight)/(mmol glucose) when nitrate is provided.   

 

A Biolog study was performed for P. aeruginosa, in which cultures of PAO1 were grown 

in minimal medium to assess viability on a variety of sole carbon sources.  The assay 

performed by the Biolog is a measurement of the oxidation of tetrazolium dye after 24 

hours, indicating whether P. aeruginosa has been actively respiring during that period.  

Active respiration in minimal medium indicates growth on the sole carbon source 

provided.  Of 96 carbon sources tested, 31 could be directly compared to in silico growth 
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simulations of iMO1056.  The remaining 65 carbon sources included 15 that were present 

as intracellular metabolites in iMO1056 but did not have transporters, and 50 that are not 

accounted for currently in the iMO1056 reconstruction.  Of the 50 compounds not 

currently accounted for in the reconstruction, 14 showed a growth phenotype in the 

Biolog data, indicating that incorporation of these compounds into the model might be a 

future step in expanding iMO1056.     

 

Computational experiments were performed to determine growth of iMO1056 on the 31 

Biolog carbon sources that were directly testable in iMO1056.  The in silico growth 

experiments were performed in Simpheny
TM

 using FBA, as described in Methods.  In one 

case (L-leucine), the Biolog data was unclear about growth of PAO1, so that datapoint in 

Figure 7a is shaded lighter than the other carbon sources but is still considered to have a 

‘growth’ phenotype.  PAO1 viability matched iMO1056 viability in 28 of 31 conditions 

(see Figure 7a).  This 90% match indicates that the core metabolism and various catabolic 

pathways of PAO1 were sufficiently reconstructed in iMO1056 for the model to properly 

predict catabolism of a variety of common substrates, including many amino acids and 

several common sugars.       

 

The 15 Biolog carbon sources that were intracellular metabolites but did not have 

transporters in iMO1056 gave in silico no-growth phenotypes due to the inability of 

iMO1056 to uptake these compounds from the environment.  We tested the cause of 

these in silico phenotypes by adding a temporary transport reaction to iMO1056 for each 

carbon source in turn and assessing the new transporter-augmented models for in silico 

growth.  Figure 7b indicates the results of this study, where numbers in the table 

represent the number of carbon compounds out of 15 total that fall into each of four 

possible permutations (growth versus non-growth and in silico versus Biolog data, see 

Figure 7b).  The 10 carbon sources on which PAO1 did not grow in the Biolog study (and 

thus matched the in silico results for iMO1056) were grouped into categories ‘correctly 

lacks transporter’ and ‘correctly either lacks transporter or pathway,’ depending on 

whether the transporter-augmented model for that carbon source was able to grow (see 

Figure 7b).  The 5 carbon sources on which PAO1 did grow in the Biolog study (and thus 
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contradicted the in silico results for iMO1056) were grouped into similar categories 

‘lacks transporter’ and ‘lacks pathway and transporter,’ indicating the likely cause of the 

mismatch between Biolog data and in silico simulation.  These categorizations will help 

focus future annotation refinement efforts.  The full list of Biolog results can be found in 

Supplementary material. 

 

Gene essentiality prediction and validation 

 

Genes essential for in silico growth of iMO1056 were calculated and compared with a 

published set of in vitro essential genes encompassing two independent genome-scale 

transposon mutant studies of P. aeruginosa, focused on strains PAO1 (18) and PA14 (24) 

respectively.  The set of in vitro essential genes used in our comparison comprises the set 

of candidate essentials that overlapped between the two transposon studies (18, 24).  This 

overlapping dataset was chosen because it has a higher confidence for gene essentiality 

than the candidate essentials from either transposon study individually, as explained in 

(24).  In silico gene essentiality predictions for iMO1056 were calculated in the 

Simpheny
TM

 platform via FBA as previously described (20).   

 

Reactions in the in vitro essential set but not in the iMO1056 reconstruction were 

assumed to be involved either in non-metabolic functions or in metabolic functions 

peripheral to central metabolism, and were thus not included in our analysis.  Of genes in 

the iMO1056 reconstruction, in silico essentiality predictions match in vitro essentiality 

for 52% of in vitro essential genes and 91% of in vitro non-essential genes (see Figure 

8a).  Although this agreement is significant, the discrepancies deserve further discussion 

and can serve as a collection of hypotheses that can be subsequently tested. 

 

First, it is informative to note the functions of genes that mismatched between the in 

silico and in vitro essentiality predictions.  Figure 8 shows the functional distribution of 

genes in iMO1056 that are in vitro essential and in silico essential (‘true positives’, 

Figure 8b), in silico essential but not in vitro essential (‘false positives’, Figure 8c), and 

in vitro essential but not in silico essential (‘false negatives’, Figure 8d).  A simple 
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analysis of these figures can explain much of the discrepancy.  For instance, among the 

‘false negatives’ set, 9 genes encode tRNA synthetases.  These synthetases catalyze the 

formation of aminoacyl-tRNAs in preparation for protein synthesis.  These reactions were 

included in iMO1056 for the sake of completeness, but the tRNAs represent gaps in the 

model and so are not truly involved in any part of model function.  Considering these 9 

reactions to be non-metabolic and removing them from iMO1056 would improve the 

match between the in silico essential gene set and the set of in vitro essential genes that 

are in iMO1056 from 52% to 57%.   

 

Second, it is important to note that the in vitro gene essentiality predictions from the 

transposon mutant sets are not completely accurate in assessing gene essentiality.  An  

example of a gene that was predicted essential in vitro despite being in actuality a non-

essential gene is PA0555, encoding the enzyme Fructose-1,6-biphosphate aldolase 

(FBPA).  This gene was classified as in vitro essential because transposon mutants with a 

disrupted FBPA were not identified in the PAO1 or PA14 transposon studies, but 

previous literature shows that the FBPA knockout is not lethal in PAO1 (1).  FBPA was 

correctly predicted to be non-essential in the in silico dataset. 

 

Both the PAO1 study and the PA14 study discuss the possibility of errors in their 

‘candidate essential genes’ set, and in the PAO1 study it is concluded that the number of 

candidate essential genes probably overshoots the true number of essential genes by 40 to 

50% (18).  The set of overlapping essentials from the PAO1 and the PA14 studies should 

have a higher confidence than candidate essentials from either study alone, but we would 

still expect significant error in the in vitro dataset we have compared our model to.  

Hence, some of the mismatches between the in vitro essentials and the in silico essentials 

are likely due to errors in the in vitro dataset.   

  

Discussion 

 

We present iMO1056, a genome-scale reconstruction of P. aeruginosa PAO1 that 

accounts for 1056 genes encoding 1030 proteins and 883 reactions.  Specifically 
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reconstructed are pathways necessary for growth and for production of common 

virulence factors, including alginate, rhamnolipids, phenazines, and quorum sensing 

molecules.  iMO1056 was validated with experimental growth rate data from literature, 

Biolog viability data on multiple carbon sources, and a genome-scale gene essentiality set 

derived from two independent transposon mutant studies in P. aeruginosa.  Model 

predictions matched well with experimental data in most cases. 

 

Building a genome-scale reconstruction of PAO1 offered insights that would have been 

difficult to obtain through any other means, including evidence for annotation 

refinements, the ability to quantitatively predict growth rates and secretion rates under 

various conditions, and a way to probe metabolic stresses incurred by production of 

various virulence factors.  During the model-building process, we were forced to 

approach each metabolic pathway quantitatively and comprehensively, so previous gaps 

in knowledge were highlighted and summarily investigated in a rational manner.  This 

process of ‘gap analysis’ involves coupling in silico growth simulations with 

bioinformatics searches and literature mining to fill holes in otherwise known pathways, 

and offers a unique tool to identify areas of metabolism that require further elucidation.  

Through gap analysis of P. aeruginosa metabolism, we were able to refine the annotation 

of a number of genes in regards to their function, directionality, or stoichiometry.  Some 

of these changes are highlighted in Figure 5.  These annotation refinements represent 

many crucial metabolic functions of P. aeruginosa, and without a systematic network-

level approach to guide our analysis, it would have been difficult to highlight these weak 

points in current knowledge. 

 

As in any genome-scale annotation effort, the network reconstruction process for P. 

aeruginosa will require continued effort in the future.  Mismatches between in vitro and 

in silico essential genes have highlighted metabolic regions of uncertainty in current 

knowledge, and these discrepancies still require more work to be explained.  In addition, 

several pathways in the model remain incomplete due to a lack of available knowledge.  

These gaps include synthesis of cofactors (e.g., cobalamin and thiamin), degradation of 

some aromatic compounds (e.g., benzoate and 4-hydroxyphenylacetate), and notably the 
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entire fatty acid β-oxidation pathway, which exists but has not been extensively 

characterized in Pseudomonads to the best knowledge of the authors (36).  Specific 

validation involving controlled growth experiments with P. aeruginosa will also be 

informative, and coupling wet-lab and in silico experiments will lend greater insight into 

both specific functions and global properties of P. aeruginosa metabolism. 

 

A genome-scale reconstruction of P. aeruginosa metabolism enables a host of otherwise 

impossible research questions.  For instance, it would be informative to compare the 

robustness of the P. aeruginosa metabolic network with those of other related but non-

pathogenic species, such as bioremediating strains of P. putida, to determine the role that 

metabolic versatility might play in pathogenicity.  Such a network-level comparison 

between a pathogen and a non-pathogen has never been done to the knowledge of the 

authors, and could provide significant insight into the causes for disease and possible 

therapeutic targets.  Another question of great interest involves the enumeration of 

selective pressures on P. aeruginosa in the CF lung environment.  During the life of a CF 

patient, P. aeruginosa obtained from sputum will show significant alterations in gene 

expression over time (5).  Convergent evolution of P. aeruginosa in different CF patients 

suggests the existence of common selective pressures that most likely relate to basic 

processes like metabolism considering the timescale over which these selections occur 

(5).  With the integration of simple regulatory rules into iMO1056, it will be possible to 

analyze hypotheses about causes for these selective pressures.   

 

In addition to the pathogenicity analysis and evolutionary studies outlined above, 

iMO1056 can serve as a valuable tool in interpreting and informing genome-scale 

transcriptomics studies of PAO1.  Microarray analysis has attracted sizeable interest in 

the P. aeruginosa community, and has recently been used to determine genome-level 

expression changes under various stresses and conditions (9, 25, 50).  Enabling a survey 

of systems-level traits of an organism in a relatively unbiased way, microarrays are a 

crucial element in post-genomic analysis of cell phenotype.  While expression array data 

cannot be directly linked with metabolic fluxes, past studies have used gene expression 

data to indicate regulation of whole pathways in metabolism, thus indicating global 
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phenotypes (8).  Further, metabolic reconstructions have been used to predict what genes 

in a network are likely co-regulated, and overlaying expression data on a metabolic 

reconstruction can inform interpretation of microarrays with an emphasis on functional 

genomics (29).  

 

P. aeruginosa is an organism of much interest for its varying roles as an opportunistic 

pathogen (40).  From chronic lifelong infections of the lungs of CF patients to acute, 

highly deadly infections of severe wounds in burn victims, the robustness and 

environmental diversity of P. aeruginosa are testament to its remarkable natural 

metabolic agility.  We chose to focus our reconstruction effort on P. aeruginosa PAO1 

since it is the most studied P. aeruginosa strain and is also the best characterized, but 

with minor modifications to iMO1056 the model can be tailored to describe similar 

species such as the more virulent P. aeruginosa PA14 (42, 48).  A genome-scale 

metabolic model represents an enormous tool for rational drug design and prediction of 

cell phenotypes, and in conjunction with regulatory information, can serve in modeling 

disease processes and engineering therapeutic responses.  For P. aeruginosa, a bacterium 

whose metabolic diversity is a major determinant of virulence, a metabolic network 

reconstruction will serve as an essential component in a multifaceted and effective 

response to disease. 
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Figure captions 

 

Figure 1.  Past reconstruction statistics.  Recent network reconstructions of 

microorganisms, with number of genes and number of reactions in each reconstruction.   

 

Figure 2.  Reconstruction process for iMO1056. A schematic of the network 

reconstruction process.  Resources used for the reconstruction are on the right, and the 

reconstruction process is shown on the left.  (1) The P. aeruginosa annotation was used 
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along with online resources to generate an initial reconstruction of metabolism.  (2) Next, 

computational analysis was used in conjunction with extensive literature mining and 

online databases to identify and fill gaps in metabolism.  (3) The model was then 

validated with datasets from literature and experimental data generated as a part of this 

study.  (4) The current model version, iMO1056, is now ready for the next step, in which 

the model will be continually improved through cycles of computational hypothesis 

generation followed by experimental validation. 

 

Figure 3.   Flux Balance Analysis.  (a) The conversion of a metabolic system into an S-

matrix is shown for a simple prototype.  Columns represent reactions, and rows represent 

compounds.  Reaction stoichiometries are represented with negative coefficients for 

substrates and positive coefficients for products of a given reaction.  (b) Bottom panel: 

The standard form of an FBA problem.  Flux through the biomass reaction (vBiomass) is 

maximized subject to thermodynamic, stoichiometric, and uptake constraints:  reaction 

fluxes (vj) must lie between lower and upper bounds (lb and ub), metabolites 

concentrations are fixed over time (S·v = 0), and the flux of a limiting carbon source 

(vcarbon source) is set to some uptake value.  Top panel: flux values calculated by FBA for 

the prototype network are represented by green arrows.    

 

Figure 4.   Virulence pathways in P. aeruginosa. The table gives statistics for virulence 

pathways represented in reconstruction iMO1056.  Key to abbreviations:  (uacgam) 

UDP-N-acetyl-D-glucosamine; (ara5p) D-arabinose 5-phosphate; (pep) 

phosphoenyolpyruvate; (s7p) sedoheptulose 7-phosphate; (dtdpddm) dtdp-4-oxo-L-

rhamnose; (PQS) 2-heptyl-3-hydroxy-4-quinolone; (AHL) acetylated homoserine 

lactone; (SAM) S-adenosyl-L-methionine. 

 

Figure 5.  Proposed annotations refinements.  The table highlights some proposed 

refinements to the annotation of the P. aeruginosa PAO1 genome, based on network 

analysis and model building. 
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Figure 6.  Re-annotation processes.  (a) A full network map of iMO1056.  Metabolic 

processes are grouped together and an effort was made to link pathways to their major 

carbon donors and sinks in central metabolism, although many metabolites occupy two or 

more locations on the map.  All internal boxes are meant to highlight metabolic 

processes, rather than to denote cellular localizations.  The double line surrounding the 

map represents the cell barrier.  (b,c,d) These panels outline several types of re-

annotation that went into iMO1056.  Large grey arrows denote the re-annotation process: 

initial annotation statuses are shown before the arrows and re-annotated gene functions 

are shown after the arrows.  Locations of each newly annotated gene are highlighted on 

the map.  (b) PA3004 was functionally identified by literature mining.  (c) A gap in the 3-

Deoxy-D-manno-2-octulosonate (KDO) synthesis pathway was identified, and PA4457 

was found by a BLAST search to fulfill the missing function.  (d) Nicotinamide adenine 

dinucleotide (NAD) initially could not be synthesized anaerobically in iMO1056, since 

O2 was required for NAD synthesis.  However, literature mining revealed a putative 

alternate stoichiometry for the L-aspartate oxidase reaction (ASPO8) that does not 

require oxygen. 

 

Figure 7.  Biolog validation.  The results of a Biolog study of P. aeruginosa viability on 

different carbon sources in minimal medium are compared with in silico viability 

predictions for iMO1056 obtained via FBA.  (a) 31 carbon sources tested in Biolog were 

directly comparable with in silico predictions.  Results of this comparison are shown 

here.  X’s indicate no growth, while shaded boxes in the Biolog column indicate that 

growth occurred.  Lightly shaded boxes in the Biolog column indicate weak results that 

are close to the sensor threshold for growth, and were included as a ‘growth’ phenotype 

for analyses.  (b) 15 carbon sources tested in Biolog are intracellular compounds in 

iMO1056, but did not sustain in silico growth since they lacked transporters in iMO1056.  

The number of carbon sources from this group belonging to each permutation of Biolog 

growth (yes/no) and in silico growth (yes/no) are represented in the table, as well as a 

brief description of what that combination of Biolog growth and in silico growth 

indicates about iMO1056 regarding the set of carbon sources.    
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Figure 8.  Gene essentiality comparison.  FBA-derived (in silico) iMO1056 essentiality 

predictions were compared with an experimentally generated (in vitro) candidate 

essential gene set for P. aeruginosa.  (a) Genes in iMO1056 are broken into 4 groups: 

true positive (in vitro and in silico essential), true negative (in vitro and in silico non-

essential), false positive (in vitro non-essential, in silico essential) and false negative (in 

vitro essential, in silico non-essential).  The specific pathways represented in (b) true 

positives, (c) false positives, and (d) false negatives are indicated.  Numbers on pie charts 

indicate numbers of genes belonging to each group.   

 



Helicobacter pylori Thiele et al. (2005) 341 476

Methanosarcina barkeri Feist et al. (2006) 692 619

Staphyloccocus aureus Heinemann et al. (2005) 551 774

Pseudomonas aeruginosa This Study 1056 883

Escherichia coli Reed et al. (2003) 904 931

Mycobacterium tuberculosis Jamshidi et al. (2007) 661 939

Bacillus subtilis Oh et al. (2007) 844 1020

Escherichia coli Feist et al. (2007) 1260 2077
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Figure 4

     Virulence Factor # Reactions Genes Involved Major Metabolic Precursors

     Rhamnolipids 5 RhlA, RhlB, RhlC, PhaC1, PhaC2 dtdpddm, acyl-ACP

     Alginate 6
Alg44, Alg8, AlgE, AlgF, AlgG, AlgI, 

AlgJ, AlgK, AlgL, AlgX
GDP-D-mannose, acetyl-ACP

     Phenazines 7

PhzA1, PhzA2, PhzB1, PhzB2, 

PhzC1, PhzC2, PhzD1, PhzD2, 

PhzE1, PhzE2, PhzF1, PhzF2, 

PhzG1, PhzG2, PhzH, PhzM, PhzS

chorismate

     PQS 5
KynA, KynB, KynU, PqsA, PqsB, 

PqsC, PqsD, PqsH
tryptophan, 3-oxodecanoyl-ACP

     AHL 5 LasI, PvdQ, RhlI SAM, acyl-ACP

     Lipid A 12
HtrB, HtrB2, Kds, KdsA, KdsB, KdtA, 

LpxA, LpxB, LpxC, LpxD, LpxK
ara5p, pep, uacgam, acyl-ACP

     Core oligosaccharide 14

HldD, RfaD, HldE, GmhB, GmnA, 

RmlD, WaaC, WaaF, WaaG, WaaP, 

WapP

s7p, UDP-glucose, dtdpddm, L-

alanine

     A-band O-antigen 4 WbpL,WbpX,WbpY,WbpZ uacgam, GDP-D-rhamnose

     B-band O-antigen 10
WbpA,WbpB,WbpC,WbpD,WbpE,Wb

pH,WbpI,WbpJ,WbpK,WbpL,WbpM
uacgam, acetyl-ACP

     other LPS related 2 WzX,WzY,WzZ Assembles O-antigen and core

Lipopolysaccharide:



Functional Identification

Confidence 

(1=high, 

4=low)
New Functional identification

Proposed 

Confidence
gene 

name
Protein ID Evidence reference

PA4457 conserved hypothetical protein Class 4 arabinose-5-phosphate isomerase Class 2 KdsD_h EC-5.3.1.13

BLAST: PA4457 vs NCBI, E = 3e-130 for arabinose 5-phosphate isomerase 

[Pseudomonas fluorescens Pf-5], 09/15/07.  Modeling evidence, since necessary 

for KDO synthesis.

PA5175 CysQ protein Class 2 3',5'-bisphosphate nucleotidase Class 2 CysQ EC-3.1.3.7

BLAST: PA5175 identified by strong homology (E = 10^-113) with Pseudomonas 

mendocina ymp 3'(2'),5'-biphosphate nucleotidase.  Modeling evidence for this 

reaction.

PA2080 hypothetical protein Class 4 kynureninase Class 1 KynU EC-3.7.1.3 Genetic evidence.  In ExPASy, this reaction is one of several in the EC #. 27

PA0215 Class 3 Class 2 MadL

PA0216 Class 3 Class 2 MadM

PA3004 probable nucleoside phosphorylase Class 3 5'-methylthioadenosine phosphorylase Class 1 MtnP EC-2.4.2.28 Detailed sequence analysis and genetic evidence provided in ref. 5

PA3169 probable initiation factor 2 subunit Class 3 5-methylthioribose-1-phosphate isomerase Class 2 MtnA_h EC-5.3.1.23 gene association from ref.  Biochemical evidence for pathway. 5

PA4425 probable phosphoheptose isomerase Class 3 sedoheptulose 7-phosphate isomerase Class 2 GmhA ?

Modeling evidence for S7P-isomerase.  BLAST of PA4425 against NCBI showed E 

= 2e-59 with Sedoheptulose 7-phosphate isomerase [Ralstonia eutropha H16] 

(09/15/07)

13

PA2579 hypothetical protein Class 4
L-Tryptophan:oxygen 2,3-oxidoreductase 

(decyclizing)
Class 1 KynA EC-1.13.11.11 Genetic evidence. 27

PA1514 conserved hypothetical protein Class 4 Ureidoglycolate hydrolase Class 3 YbbT EC-3.5.3.19
biochemical evidence for pathway, gene locus identified from annotation: 44% 

similar to ureidoglycollate hydrolase (DAL3) [Saccharomyces cerevisiae]
29, 31

PA2366 conserved hypothetical protein Class 4 uricase Class 2 PuuD_h EC-1.7.3.3
Genetic evidence.  BLAST of uricase [Pseudomonas aeruginosa Ps-x] vs P. 

aeruginosa PAO1 genome gave an E score of 0 for PA2366.
29, 30

PA5373 betaine aldehyde dehydrogenase Class 2 1-pyrroline dehydrogenase Class 2 BetB EC-1.2.1.19
BLAST E-value 9e-82 (1-pyrroline dehydrogenase [Escherichia coli HS] vs. PAO1 

genome)

EC-1.13.11.54

EC-1.13.11.53

PA1818 probable Orn/Arg/Lys decarboxylase Class 3  Orn/Arg/Lys decarboxylase Class 2 LdcC EC-4.1.1.18

Modeling evidence, since PAO1 grows on lysine.  Also physiological evidence from 

Fothergill et al.  BLAST of Lysine decarboxylase [Burkholderia cenocepacia 

HI2424] vs. P. aeruginosa PAO1 genome gave E = 0 with PA1818 (09/15/07).  Orn 

and Arg functions are also in reconstruction.

12,58,59

PA3118 3-isopropylmalate dehydrogenase Class 2 D-malate dehydrogenase (NAD) Class 2 LeuB EC-1.1.1.83

BLAST of tartrate dehydrogenase against PAO1 gives 10^-42 match with PA3118 .  

Tartrate dehydrogenase catalyzes the 'nad-dependent D-malate dehydrogenase' 

reaction in Pseudomonas putida

8

Class 1 purine nucleosidase (adenosine) Class 1

Class 1 purine nucleosidase (inosine) Class 1

PA0761 Class 2 Class 2 NadB

PA1004 Class 2 Class 2 NadA

PA0313 probable permease of ABC transporter Class 3 Class 3 YecS

PA0314
probable binding protein component of 

ABC transporter
Class 3 Class 3 FliY

3-oxo-C12-homoserine lactone acylase

C4-homoserine lactone acylase

5PA1684

PA0143 nonspecific ribonucleoside hydrolase Nuh

Biochemical evidence for pathway.  1.13.11.54 occurs when Fe(2+) binds enzyme, 

1.13.11.53 occurs when Ni(2+) binds enzyme.
MtnD_h

1,2-dihydroxy-3-keto-5-methylthiopentene 

dioxygenase
probable oxidase

PvdQ

EC-3.2.2.1

specific function outlined in reference.  'Nonspecific ribonucleoside hydrolase' 

annotation ID (with class I confidence) implies that there are more reactions 

catalyzed by this enzyme.

29

malonate transport TC-2.A.70.1.1

BIOLOG data shows growth on malonate.  Annotation assigns PA0215 and 

PA0216 as having 71% and 81% homology with MadL and MadM from  

[Malonomonas rubra]

L-cysteine transport via ABC system ? ref gives strong physiological evidence, BLAST: E-values (<10^-45)

EC-1.4.3.16?
Reaction not utilizing O2 is necessary to produce spermidine in anaerobic 

conditions, as shown by gap analysis and explained in references.
71,72

PA2385 ?Class 1 Class 1 PvdQ reaction described in reference. 29

26

Gene 

locus

Proposed ReannotationCurrent Annotation

Class 3 Class 2

74

L-aspartate oxidase L-aspartate oxidase

probable transporter

Figure 5
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