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Summary 

The genus Pseudomonas is a versatile group of bacteria of high biological relevance. 

The species of Pseudomonas aeruginosa and Pseudomonas putida are two representatives 

of this genus and both extremely high biological interest, albeit for different reasons. 

P. aeruginosa is an opportunistic human pathogen of which numerous strains with varying 

virulence have been isolated. This bacterium is responsible for numerous fatalities among 

immunocompromised subjects, such as those suffering of cystic fibrosis or patients in 

intensive care units. Conversely, P. putida is a non-pathogenic bacterium renowned for its 

metabolic versatility, stress resistance, amenability to genetic modifications, and vast 

potential for environmental and industrial applications. 

To elucidate the metabolic wiring of both bacteria, to compare their metabolic spaces, 

as well as to devise possible intervention strategies that could either counteract the 

pathogenicity of P. aeruginosa or to improve biocatalytic properties of P. putida, 

metabolic reconstructions of P. aeruginosa PAO1 and P. putida KT2440 were created 

using the framework of constraint based modeling. Network reconstruction and Flux 

Balance Analysis (FBA) enabled to define the structure of the metabolic network, to 

identify knowledge gaps and to pinpoint essential metabolic functions, facilitating thereby 

the refinement of gene annotations. FBA and Flux Variability Analysis were used to 

analyze the properties, potential and limits of the models. These analyses enabled to 

identify, under various conditions, key features of the metabolism such as growth yield, 

resource distribution, network robustness, and gene essentiality. The models were 

validated against multiple sets of experimental data. These included continuous cell 

cultures, high-throughput phenotyping, 13C-measurement of internal flux distributions, and 

genome-wide gene-essentiality assays.  In addition, the possibilities to refine constraint-

based models predictions with 'omics' data were evaluated. The thorough, systematic 

analyses revealed that the metabolic network structure is the main factor determining the 

accuracy of predictions, whereas biomass composition has negligible influence. 

Furthermore, a new computational method was developed to direct product optimization of 

compounds of which the production is not coupled to the reactions needed for survival of 

the cell, which was applied to polyhydroxyalkanoate production in P. putida. Finally,   

some possible applications of constraint based models in biotechnology and infection 

research were discussed. The solidly validated models yield valuable insights into 

genotype-phenotype relationships and provide a sound framework to explore these 
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interesting bacteria, to compare their metabolic spaces and thus identify factors that 

determine such different properties. 
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Zusammenfassung 

Die Gattung Pseudomonas ist eine vielfältige Gruppe von Bakterien von großer 

biologischer Bedeutung. Pseudomonas aeruginosa und Pseudomonas putida sind zwei aus 

unterschiedlichen Gründen sehr interessante Vertreter dieser Gattung. P. aeruginosa ist ein 

opportunistischer menschlicher Erreger, von dem zahlreiche Stämme mit unterschiedlicher 

Virulenz isoliert wurden. Dieses Bakterium ist verantwortlich für zahlreiche tödliche Opfer 

unter immunosupprimierten Menschen, wie zum Beispiel an Mukoviszidose leidende oder 

in intensivstationen behandelte. Im Gegensatz dazu, ist P. putida ein nicht pathogenes, für 

seinen wandlungsfähigen Stoffwechsel und  große Belastungsfähigkeit bekanntes 

Bakterium, das sehr zugänglich für genetische Manipulationen ist, und ein großes 

industrielles Potential besitzt. 

Um sowohl das Verbindungsnetzwerk innerhalb des Stoffwechsels der beiden 

Bakterien aufzuklären als auch die Spielräume ihrer Stoffwechsel zu vergleichen, als auch 

mögliche Eingriffe herauszufinden, die entweder gegen die Pathogenität der P. aeruginosa 

wirken oder zur Verbesserung der biokatalytischen Merkmale der P. putida führen, wurden 

mittels Constraint-basierter Modellierung die Stoffwechselwege von P. aeruginosa PAO1 

und P. putida KT2440 computergestützt rekonstruiert. Zusammen mit einer 

Flussbilanzanalyse (FBA) ermöglichten diesen Rekonstruktionen die Ermittlung der 

Struktur der Stoffwechselwege der Bakterien, die Feststellung der Lücken in 

gegenwärtigem Wissenstand und die Bestimmung der wesentlichen metabolischen 

Aufgaben. Dadurch wurde die Verbesserung der Annotationen von manchen Genen 

erlaubt. FBA und Flussvariabilitätanalyse wurden verwendet, um Eigenschaften, 

Leistungsvermögen und Beschränkungen der Modelle zu analysieren. Diese Analysen 

ermöglichten die Berechnung der wichtigsten Eigenschaften des Stoffwechsels wie 

Wachstumsertrag, Ressourcenverteilung, Netzwerkrobustheit und die Bestimmung der 

unentbehrlichen Gene unter verschiedenen Bedingungen. Die Modelle wurden gegen 

verschiedene Typen von experimentellen Daten validiert, wie zum Beispiel 

kontinuierlichen Zellkulturen, Hochdurchsatz-Phänotypisierung, 13C-basierten Messungen 

von inneren Flussverteilungen, und Genomweite Genunentbehrlichkeitsuntersuchung. 

Darüber hinaus wurden die Möglichkeiten zur Verbesserung der Prognosen der Constraint-

basierten Modelle  mit "omics"-Daten ausgewertet. Die sorgfältigen, systematischen 

Analysen ergaben, dass die Struktur des metabolischen Netzwerks der wichtigste Faktor 

für die Genauigkeit der Prognosen ist, und die Zusammensetzung der Biomasse einen 
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vernachlässigbaren Einfluss hat. Ferner wurde eine neue computergestützte Methode 

entwickelt, die Produktionsoptimierung von chemischen Verbindungen leitet, deren 

Produktion  nicht an der für das Überleben der Zelle wesentlichen Reaktionen gekoppelt 

ist, und für die Produktion von polyhydroxyalkanoaten in P. putida angewandt wird. 

Schließlich wurden einige mögliche Anwendungen der Constraint-basierten Modelle in der 

Biotechnologie und Infektionsforschung erörtert. 

Die solide validierten Modelle erbringen wertvolle Einblicke in die Genotyp-Phänotyp 

Verhältnisse und bieten einen soliden Rahmen für Erkundung dieser interessanten 

Bakterien und für einen Vergleich der  Spielräume ihrer Stoffwechsel,  um damit die 

Faktoren zu identifiezieren, die unterschiedliche Eigenschaften bestimmen. 
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1 Introduction 

1.1 Pseudomonas – a versatile group with industrial and medical 

relevance 

Pseudomonas is a bacterial genus characterized by its metabolic versatility, genetic 

plasticity and ability to inhabit a variety of environments (238). Together with the genera 

Azotobacter, Azomonas, Azorhizophilus, Cellvibrio, Mesophilobacter, Rhizobacter, 

Rugamonas, and Serpens it forms the family of Pseudomonadaceae that belongs to group 

of gamma-proteobacteria (82). These bacteria are characterized by a chemoorganotrophic 

metabolism, their ability to grow on a broad range of organic substrates, the inability to 

perform photosynthesis and the absence of fermentation (159). 

The genus Pseudomonas was established in 1895 by W. Migula (157) and since then it 

underwent many rearrangements, as numerous species originally assigned to, or at least 

suspected to be, Pseudomonas, were reclassified to different taxa in the course of further 

investigations (151, 178). To cope with this wealth of species, the term “pseudomonads” 

has been widely used in the scientific literature to describe bacteria that through their 

physiology and lifestyle resemble the genus Pseudomonas, although, according to current 

taxonomic knowledge, they cannot assigned to Pseudomonas or even to 

Pseudomonadaceae (159). This term will be used throughout this work, whenever the 

described properties can be attributed to the whole group of pseudomonads and not only to 

the Pseudomonas genus. Currently, this genus comprises 181 species (2) and it is further 

divided into a fluorescent and a non-fluorescent subgroup. Members of the former group 

are able to produce iron siderophores such as pyoverdin or pyocyanin under iron 

starvation, while the members of the latter are not (177).  

The members of Pseudomonas are gram-negative rods possessing one or more polar 

flagella that enable motility. The majority of the Pseudomonas species are obligate 

aerobes, while some species have been found to be facultative anaerobes. The latter can 

use nitrate respiration and/or arginine or pyruvate fermentation (49, 66, 92, 283). 

Pseudomonas is a ubiquitous genus, colonizing a range of habitats ranging from water 

(including oligothropic mineral water) and soil to plant and animal tissues (21, 159, 218). 

Its members are also found in food sources where they act as spoiling agents (17). As 

different as the environments are also the lifestyles, from saprophytes through parasites to 
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pathogens. Some of the species are able to form biofilms, which complicates their removal 

if their presence is undesirable such as in infection settings (44). In addition to an extensive 

metabolic versatility, pseudomonads also exhibit a number of interesting metabolic 

features, such as the ability to convert glucose extracellularly to gluconate and 2-

oxogluconate, which renders the carbon inaccessible for many competitors. Due to the lack 

of phosphofructokinase, they use the Entner-Doudoroff pathway to metabolize glucose 

(188, 239). Many pseudomonads are also able to produce polyhydroxyalkanoates when 

growth is limited by a resource other than carbon, e.g. nitrogen (159, 196). 

Pseudomonads have been attracting a considerable amount of interest in the scientific 

community due both to the biotechnological relevance of many of the strains, and the 

pathogenicity of some other. These two properties are discussed below in greater detail. 

1.1.1 Biotechnological relevance of pseudomonads 

The biotechnological relevance is related to the broad metabolic versatility of the 

pseudomonads, a property which is a hallmark thereof. It manifests itself in the ability to 

degrade numerous organic compounds belonging to many types of substances such as 

sugars, carboxylic acids, aldehydes, alcohols, aromatic compounds, etc. Some of the 

species (or strains) are able to degrade up to 100 different compounds (42, 266). This 

property is important in some niches occupied by the pseudomonads, such as soil and 

water, where they play an important ecological role by degrading animal and plant 

materials. Jointly, the many members of the group are able to breakdown and/or degrade 

effectively and efficiently a large battery of compounds such as many halogenated 

aromatics in often toxic environments (8, 9, 119, 148, 170). These capabilities render 

species such as P. putida of particular interest for a range of bioremediation and 

decontamination applications (163, 206, 268). Moreover, many of these pseudomonads 

have a vast biotechnological potential, and there are several strains able to produce 

industrially relevant compounds such as polyhydroxyalkanoates and their derivatives 

(precursors of bioplastics) (107, 241), 5-Methylpyrazine-2-carboxylic acid (a precursor for 

antilipolytic drugs) (209, 216),  myxochromide (a secondary metabolite produced by 

Stigmatella aurantiaca) (243) and a wide variety of bulk and fine chemicals such as phenol 

(276), cinnamate (167), cis-cis-muconate (41), p-hydroxybenzoate (197, 261), and p-

coumarate (168). Solvent-tolerant strains such as DOT-T1 (161) or S12 (50) tolerate well 

high concentrations of toxic solvents, which, coupled with their metabolic versatility, 

makes these bacteria particularly suited for the production of fine-chemicals in non-
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conventional media. However, most applications using pseudomonads are still in the pre-

industrial phase largely due to the lack of systematic and thorough knowledge of the 

genotype-phenotype relationships in these bacteria under conditions relevant for industrial 

and environmental endeavors. 

1.1.1.1 Pseudomonas putida – a paradigm of metabolically relevant Pseudomonas 

P. putida is a paradigm of the industrially interesting pseduomonads. It is one of the 

best studied species of the genus, as many aspects of its biology have been unraveled and 

mechanisms underlying key cellular processes have been elucidated (203, 250). It is able to 

colonize many different environments, including soil, fresh water and plant rhizosphere, 

and is characterized by a wide metabolic and physiologic versatility. The most widely used 

laboratory strain  of P. putida, namely KT2440 (203) is a cured (19), spontaneous 

restriction-deficient derivative of P. putida mt-2 (11) that has been used extensively as host 

for gene cloning and expression in Pseudomonas and represents the first host-vector 

biosafety system for cloning in Gram-negative soil bacteria. The strain P. putida mt-2 

(ATCC 33015) was isolated from soil by K. Hosokawa in Japan in the early 1960s by its 

ability to use m-toluate (3-methylbenzoate) as the sole carbon source, a feature later shown 

to result from the presence of the TOL plasmid pWW0 (10, 169). As P. putida also 

colonizes the plant rhizosphere, it becomes useful for promoting plant growth and as a 

biocontrol agent for plant pathogens (270). 

 

1.1.2 Pathogenic pseudomonads 

Some pseudomonads can adopt a pathogenic lifestyle. The hosts for these pathogens 

include both plant and animals (including humans). Phytopathogens can cause disease to 

the most major groups of higher plants. The majority of them are foliar pathogens, 

although there are exceptions. The symptoms include necrotic lesions, twig dieback, 

hyperplasias, tissue maceration and vascular infections (101, 218). The two most relevant 

representatives of plant pathogens are Ralstonia solancearum (formerly Pseudomonas 

solacearum), that cause wilts of many cultivated plants (potato, tomato, tobacco, peanut) 

and Pseudomonas syryingae, that attacks foliage and cause necrosis and necrotic lesions on 

leaves (97, 101, 211). The latter species has numerous pathovars, of which the hosts are 

usually limited to closely related species. Burkholderia cepacia (formerly Pseudomonas 

cepacia) and Pseudomonas aeruginosa are examples of strains that are able to infect 
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animals. Both can be dangerous to humans, especially for those whose immune system 

functionality is impaired and are also a common cause of nosocomial infections (89, 90, 

280). 

 

1.1.2.1 Pseudomonas  aeruginosa – the most dangerous pathogen in the genus 

While the research on the phytopathogens is undoubtedly important, the majority the 

scientific interest related to pathogenic Pseudomonas is focused on the investigation of 

human pathogens, Pseudomonas aeruginosa being the most important of them. As the 

majority of pseudomonads, it is capable of surviving in a broad range of natural 

environments being soil its most common environment, where it acts as a saprophyte. 

While it is generally found in aerobic habitats, some strains are capable of yielding ATP 

through denitrification and/or fermentation of arginine and pyruvate, and thus thrive in 

anoxic environments (228). These properties distinguish it from the majority of the species 

belonging to the genus, thereby extending the range of environments that this bacterium 

can inhabit. P. aeruginosa is able to infect both plants and animals. In the case of humans 

it usually does not infect healthy individuals, but it can be extremely dangerous for 

immunocompromised ones (165, 233, 282). It mostly causes infections of lungs, urinary 

tract and burn wounds and is involved in substantial part of nosocomial infections (162, 

208, 267). The infections with P. aeruginosa can take either acute or chronic form. The 

former are invasive and cytotoxic and often lead to systemic infection and mortality. They 

pose a serious problem in intensive care units of hospitals, where they can lead to sporadic 

epidemic outbreaks (205). The chronic infections occur usually in patients with prolonged 

impairment of the immune system, such as individuals suffering of AIDS or cystic fibrosis 

(CF) (160, 271). P. aeruginosa infections are particularly relevant for the latter, as nearly 

all of them have lifelong infections with the bacterium starting at an early age (208, 279).  

Chronic infections, although not invasive and rarely progressing to systemic infection, 

contribute severely in the long term to the fatalities among CF patients due to the damage 

of the lungs.  

P. aeruginosa possesses a broad set of virulence factors and mechanisms that act in 

combinatorial manner (140). Virulence factors can be divided into cell-associated and 

extracellular (252). Cell-associated virulence factors are mainly responsible for 

colonization of host tissues and passive protection against immune system of the host. This 

group is composed of fimbrial adhesins such as pili and fimbriae which mediate the 
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attachment to the epithelial sells, and non-fimbrial ones (93). To the latter group includes 

lipopolysaccharides, alginate, outer membrane proteins and flagella (280). The 

extracellular virulence factors include mainly various enzymes acting on host tissues, such 

as exotoxin A, exoenzyme S, hemolysin (phospholipase C), leukocidins, and proteases, but 

also iron binding proteins and rhamnolipids (24, 166). To translocate the exotoxins directly 

to the eukaryotic cells, P. aeruginosa possesses a number of type III secretion systems 

(72). The most interesting of the virulence factors are shortly described below. 

Alginate is an extracellular polysaccharide composed of moieties of L-guluronic and 

D-mannouronic acid. It is produced commonly by strains infecting the lungs of CF 

patients. Its potential roles in virulence include inhibition of opsonic and nonopsonic 

killing, supporting adhesion to epithelial cells and increase of antibiotic resistance. It is 

also a matrix component biofilms formed by P. aeruginosa (152).  

Exotoxin A and exoenzyme S are two of the most potent of the exotoxins produced by 

P. aeruginosa, and both belong to class of ADP-ribosyltransferases. The first interferes 

with protein production of eukaryotic cells, by ADP-ribosylating elongation factor 2 (110). 

The second ribosylates GTP-binding proteins such as Ras that leads to cell death (16, 87, 

111). 

Proteases are cytotoxins that cause much of the tissue damage. The zinc-dependent 

metalloendopeptidases LasA and LasB, and alkaline protease are the key players (280). 

LasB is an elastase able to degrade a broad range of proteins including laminin, fibrinogen, 

collagen, transferin, complement components, and immunoglobulins. The action of LasA 

is to support LasB in its action and these two proteins together show a synergistic effect in 

their activity (80). The alkaline protease also has a broad specificity, with complement 

components, fibrin, fibrinogen, laminin, and interferon gamma being the preferred 

substrates (106). It was shown that all of these enzymes significantly contribute to the 

virulence of P. aeruginosa (129, 166, 245, 246). 

P. aeruginosa possesses also two mechanisms that are crucial for its success as a 

pathogen, namely quorum sensing (QS) and the ability to form biofilms. Quorum sensing 

is a mechanism that is extremely important in regulation of the virulence of P. aeruginosa. 

It regulates expression of various virulence-related genes and coordinates their expression 

with the cell density. The bacterium possesses three quorum sensing systems that are 

interconnected in a complex manner with each other. Two of them, las and rhl, are directly 

interrelated (184, 189). Both use acyl-homoserinelactones as signaling molecules, 

differing, however, in acyl chain (187).  The third system employs 2-heptyl-3-hydroxy-4-
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quinolone (PQS) (55, 79, 154). The concentration of the signaling molecules correlates 

with the cell density. When the threshold level in the environment is exceeded, the 

regulatory action is triggered and the expression of some genes is induced while some 

others are repressed, allowing for a concerted action of all organisms inhabiting certain 

environment. Many genes regulated by quorum sensing are related to the virulence. It was 

also shown that many mutants of genes involved in quorum sensing exhibit reduced 

virulence (234). 

The other mechanism that also greatly contributes to the virulence of P. aeruginosa is 

the ability to form biofilms (64, 232). In first instance, they provide mechanical shielding 

for the bacteria but, in combination with QS, the protection goes much beyond that by 

creating the conditions that enable cells to trigger a number of intrinsic defense responses 

(52, 95). P. aeruginosa growing in biofilms is more resistant to antibiotics complement- 

and antibody-mediated clearance mechanisms, phagocytosis and biocides, making the 

eradication of bacteria much harder or sometimes even impossible (44, 45).  

The metabolic versatility and flexibility (244), combined with ability to grow in 

environment with limited oxygen supply, the plethora of virulence factors and capability to 

form biofilms (also when the oxygen is limited)  are key  factors that contribute vastly to 

the notable success of P. aeruginosa in successfully infecting the immunocompromised 

patients. The treatment of P. aeruginosa infections is complicated by the fact that many of 

the strains are multi-drug-resistant, which heavily narrows the range of effective 

medications (143). 

 

1.2 Shifting from a reductionist to a holistic approach to 

Pseudomonas research 

During years of research, much information has been gathered regarding Pseudomonas in 

general, and P. putida and P. aeruginosa in particular. The sequencing of both organisms 

has given a big boost for the research related to them. The first Pseudomonas species to be 

sequenced was the strain PAO1 of P. aeruginosa (a wound isolate (102), and the most 

widely used  P. aeruginosa laboratory strain) in the year 2000 (244). In 2002 the first non-

pathogenic Pseudomonas, the strain KT2440 of P. putida was sequenced (164). The 

sequencing effort did not cease, and until now numerous strains of both pathogenic and 
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non-pathogenic Pseudomonas have been sequenced (1, 3, 4, 35, 70, 120, 140, 186, 263, 

281) .  

Before the advent of the organism-wide analysis, there was already substantial 

information regarding Pseudomonas available. This information was (is), however, 

fragmented and dispersed, and pertained usually to isolated units of an organism, for 

example operation of a particular enzyme or pathway, or regulation of expression of some 

operon, etc. The sequencing of genomes of P. putida and P. aeruginosa delivered for the 

first time the possibility to gain genome-wide insights into their function. This was a great 

improvement in our knowledge regarding the bacteria, but it still is far from fully 

explaining their biology, as the genotype-phenotype relationship is very complex and non-

linear. Together with the development of other genome-wide experimental approaches, 

denoted generically as ‘omics’ methods (transcriptomics, proteomics, metabolomics, 

fluxomics, etc.), sequencing allows for an attempt to approach to these bacteria in a holistic 

way. It also provides a scaffold on which various data regarding Pseudomonas can be 

integrated. Such an integrative and holistic approach will undoubtedly bring new insights 

into the biology of Pseudomonas that could not be obtained before. The discipline which 

deals with such an approach for the research in biology was termed ‘Systems Biology’ and 

is one of the most promising fields among the biosciences. 

. 

 

1.3 Systems biology – a global approach to Biology 

By the most common definition Systems Biology is a field of study that deals with the 

interactions between the components of biological systems (130). Some scientists see it as 

a research paradigm opposed to the reductionist one (212), which assumes that a system is 

nothing but a sum of its parts, and it has been known in philosophy and science from 

ancient times. This approach proved to be successful in many disciplines since then, but 

the assumption that the interactions between the parts can be neglected does not hold in 

many systems (273) 

System Biology assumes that a living organism is not a simple sum of parts, but that 

the interactions between various elements of a biological system define many of its 

properties. From the interactions, new properties may emerge, that are not apparent when 

individual elements are treated separately. The new properties (‘emergent properties’) are 
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in the particular focus of the realm of Systems Biology (6, 28, 109, 131). The advent of 

Systems Biology is a consequence of earlier developments in several scientific disciplines. 

The most important was the creation of the methodologies for description of various 

biological systems within the scope of mathematical modeling. This subject is described in 

greater detail in section 1.4. 

1.3.1 Control theory 

A discipline which contributed greatly to the development of Systems Biology is the 

control theory, an interdisciplinary branch of mathematics and engineering that deals with 

the behavior of dynamic systems. Control theory focuses on the investigation of how 

particular system can be made to provide a particular outcome. The history of this 

discipline started in nineteenth century with the design of centrifugal governor, and the 

engineering stays its main area of application (22). In biology, control theory is applied 

mainly to the investigation of various control circuits hardwired  within a cell or an 

organism (124, 237, 278). Many of the control circuits that were described in the past on 

theoretical grounds can be found in biological control systems, such as gene regulation, 

signal transduction or control of cell proliferation(229). Such circuits constitute a 

significant part of biological interactions which are main research object of systems 

biology. Control theory allows for investigation of properties of such regulatory circuits, 

such as the ability to filter out noise, to amplify or reduce the signal or to sustain or block 

oscillatory behavior (7, 158). 

1.3.2 Bottom-up and Top-down approaches in Biology 

The development and application of “top-down” approaches is also an important 

component that led to the emergence of systems biology. In contrast to “bottom-up” 

approaches, in which a system is built starting from small pieces (e. g. reactions, enzymes, 

genes) that are combined together to form a greater unity, the top-down approaches try to 

decompose a unitary system into sub-modules (32, 34, 171). This approach was enabled in 

biology by the appearance of the ‘omics’ technologies that provide a snapshot of the 

different aspects of the whole system (organism, tissue, cell). From a set of such data one 

can try to infer the rules that govern the operation of the system of interest. An example of 

such a top-down approach is the inference of regulatory information from transcriptomic 

data through various mathematical and statistical methods (26, 48, 94). Although these 
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approaches are still in the developmental phase, some informative results could have been 

obtained already (18, 68). 

1.4 Mathematical models in Biology 

The era of mathematical modeling in biology started probably with Mendel’s 

groundbreaking work in understanding the genetics of pea plants. The next remarkable 

application of mathematics in biology was the development of quantitative description of 

enzyme kinetics that started with the remarkable work of Michaelis and Menten in 1913 

(156) and continued over next sixty years. It was the first attempt to model dynamics (i.e. 

the evolution of a particular system with time) of a biological system.  The model of 

predator-prey dynamics, called after the names of its two authors, the Lotka-Volterra 

model (144, 264) was the next successful application of dynamic models in biology. 

Starting in the sixties with the Monod’s work pertaining to lac operon (113), gene 

regulation and signal transduction became the next areas in which mathematical models 

proved to be successful in describing and predicting the behavior of biological systems. 

The era of whole-organism mathematical modeling was pioneered in the eighties of the 

twentieth century, by M. Shuler’s group, who developed a model of the growth of E. coli 

on the glucose-limited medium (56). 

Currently, mathematical models are used in many areas of biology. These include 

molecular biology, biochemistry, genetics, evolutionary biology and ecology. They use 

various mathematical apparatus depending on the system that has to be modeled and the 

aims of a modeling task.  

1.4.1 Dynamic models 

Dynamic models constitute a large group of approaches within mathematical models. 

These models try to predict the evolution of a system of interest over time and are applied 

widely in all areas in which mathematical models are used. The major area is modeling of 

biochemical processes, including chemical processes occurring within the cell, as 

described by classical biochemistry, signal transduction, or processes related to gene 

expression and regulation. The most common approach is based on ordinary differential 

equations (ODE), i.e. a model is described by a set of equations, each of which describing 

the rate of change of concentration of particular element (e.g. a compound taking part in a 

chemical reaction or a signaling compound that binds to the sensor) over time (43, 121). 
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The exact form of these equations depends on the assumed mechanism of the process. In 

the case of enzymatic processes different variations of Michaelis-Menten kinetics are 

assumed. In the signal transduction and gene regulation sigmoidal kinetics, such as Hill 

kinetics if often used (51). Analytical methods and numerical computing allow for solving 

these equations. In the end every dynamic model attempts to provide information regarding 

the concentration of all of its elements in every point in time. Dynamic modeling is not 

limited only to ODEs, and there are numerous approaches that are also used. For instance, 

it is not always possible to write down the above mentioned equations, as either the 

mechanisms or parameters of these equations are not known. In such a case a different 

methodology has to be used. Boolean models can serve as an example of such simplified 

approach. They assume that each element can take one of the two discrete states (on, off) 

and the future state of it is a logical function of current or past states of some (or all) 

elements (248, 249). This allows for tracing the behavior of the system in a step-wise 

(discrete) way, where the change of state may happen between the steps. Boolean models 

were successfully used for simulation of genetic regulatory circuits (81).  Petri nets are an 

approach based on the graph theory that allows for the creations of more complex 

relationships than Boolean networks, but it still assumes discrete changes (although some 

extensions towards continuity exist). Petri nets are applied to model biochemical and 

genetic regulatory networks (39, 136). 

Stochastic models constitute a distinctive group within dynamic models. The 

approaches described above belonged to the class of deterministic models, i.e. the fate of 

each element was determined by the initial conditions and the parameters of the models 

such as kinetic constants. In stochastic models the evolution of the system is defined by 

rules of probability, so that the same model can yield different outcomes when starting 

from a defined point. This type of models is successfully applied in  evolutionary biology, 

where methods based on the Markov models (60) are used to model the evolution of genes 

and proteins and identify phylogenetic relations among species (118). This approach 

assumes that every base can be exchanged by the other with some certain probability and it 

tries, on that basis, to assess the relationships between various organisms. Gillespie-models 

are a type of stochastic models that are also used to model the biochemical processes with 

higher resolution than that provided by classical kinetics as they can account for single 

reaction events (86). This property allows for prediction of some effects that happen only 

in very small systems (e. g. bacterial cells) containing low numbers of particular 

compounds (i.e. regulatory proteins). It was observed that in such systems the expression 
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of a regulated gene may vary from one cell to the other, as the fact that a regulator 

molecule has to “find” corresponding binding site starts playing a key role (65, 195). 

1.4.2 Structure-oriented models 

Dynamic models are very useful in predicting the behavior of biological systems, there 

is, however, difficulty in their application, as they need a number of parameters, many of 

which are not known and cannot be easily determined. A partial solution to this problem is 

use of a distinctive class of models that are termed structure-oriented (or interaction) 

models (242). In contrast to the dynamic ones, they are not intended to simulate the 

temporal evolution of the system, but to investigate how the elements of a model are 

connected with each other and analyze various properties that arise from these 

relationships. These models are especially useful in analyzing large networks, as mostly 

the information which nodes interact with each other suffices to build the model. The 

detailed information regarding the nature of these interactions is not required. In biology 

the main area of their application is the investigation of topological properties of various 

networks – gene regulation, metabolic or social networks (15). Biological networks tend to 

be quite differential with regard to knowledge that is available for particular nodes. So, for 

instance, in a metabolic network there are reactions for which detailed kinetic parameters 

are known, while for some other even the stoichiometry is not well defined. Interaction 

models provide a basis that allows for global analysis of the whole network. The 

interactions between elements of such a model can be reflected with different resolution. 

So, for instance, a protein interaction network can only account for direct binding of two or 

more proteins. It can also take into account that a protein can regulate the expression of 

some other. Finally, the fact that two enzymes share a metabolite or two regulatory 

proteins have common inducer can be considered as an interaction as well.    

Many structure-oriented models are types of graphs and therefore many approaches 

used for their analysis come from graph theory. Using this approach, some interesting 

properties of the metabolic networks have been observed. One of them was the observation 

that connectivity of biological networks often follows a power-law distribution, i.e. the 

logarithm of number of nodes having a given connectivity depends linearly on the 

logarithm of the connectivity itself (14, 149, 150). Networks following this law are termed 

as ‘scale-free’ networks. The metabolic network of E. coli in which metabolites constitute 

nodes and the reactions form edges was proven to follow this distribution (269). This 

property seems to correlate with the robustness of the network – the ability to maintain 
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important functions, even when the structure of the network is disturbed (117). A corollary 

of this property is the small-world feature, which means that in networks possessing this 

property one node can be reached from the other by a small number of steps, although the 

majority of the nodes are not connected directly with each other (15, 71, 269). 

1.4.3 Constraint-based stoichiometric models 

As it was mentioned above, the main aim of Systems Biology is the understanding of 

system-level operation of organisms. Hence, the most important modeling approaches for 

this discipline are those within which scope it is possible to create organism-wide models. 

One of the most promising one, especially for microorganisms is constraint-based 

stoichiometric modeling. It is a specific type of a structure-oriented modeling used to 

represent metabolic networks. In contrast to the most of other structure-oriented models it 

accounts explicitly for the stoichiometry and directionality (200).  

A constraint-based model consists of the stoichiometries of all reactions known to act 

in a particular system, and a set of constraints on the fluxes of reactions in the system (194, 

200). A major advantage of this approach is that the model does not require knowledge on 

the kinetics of the reactions, as opposed do dynamic metabolic models. Also the requisite 

knowledge of thermodynamics is reduced to the decision in which direction the reaction is 

able to proceed (left, right or both). The fluxes that can go through the reactions belonging 

to the reconstruction form a space that is limited by the constraints included into the 

constraint-based model. One of them, the information in which direction the reaction can 

proceed, has already been mentioned before. Next, that is widely applied in biological 

systems is the Pseudo-Steady-State Assumption (PSSA) (255). It states that a concentration 

of a chemical compound stays constant over a time frame. This lays a constraint on the 

reactions in which the substance participates in. The reactants, to which this constraint is 

applied, are usually called internal compounds and, in biological models, correspond to the 

chemical substances located inside the cell or its compartments. Remaining substances, 

external compounds, correspond to species that can be uptaken or secreted and thus 

exchanged with the environment. Other types of constraints are top and bottom limits that 

correspond to catalytic capabilities of the enzymes.  

Constraint-based stoichiometric models are currently widely used to analyze genome-

scale metabolic networks as they are the only approach that is able to model genome-scale 

metabolic networks. The fact that they require the knowledge of only stoichiometry and 

directionality of the reactions renders them to be a very good tool for the investigation of 
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biological metabolic networks, as these data are available for the vast majority of the 

reactions and gives the advantage over dynamic models, which require identification of the 

kinetic parameters, which is laborious and which, although it has been continuing for many 

years already, will still take a considerable amount of time to be completed even for mostly 

investigated organisms, such as E. coli. In addition, computing a temporal evolution of a 

genome-scale dynamic model will be also a tough if not intractable task.  

1.4.4 Analysis methods for  constraint-based reconstructions 

Throughout of the last years a number of methods was developed that allow for 

analysis of the constraint-based models and they can be used to generate hypotheses 

Figure 1. Analysis methods for constraint-based models. Adopted from (194) 
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regarding the operation of the cell (Figure 1). These methods can be divided into two 

classes, those based on optimization approaches and those that analyze the metabolic 

network in an unbiased way. 

The first group contains Flux Balance Analysis (FBA), Flux Variability Analysis 

(FVA), Minimal of the Metabolic Adjustment (MoMA), Regulatory On-Off Minimization 

(ROOM), and OptKnock. For these approaches an objective function has to be provided 

that is subsequently maximized or minimized. The value of this function is the main 

outcome of this analysis. The second group consists of Elementary Flux Modes and 

Extreme Pathways Analyses, and Flux Coupling Finder. These methods extract various 

intrinsic properties of the analyzed reconstruction. 

1.4.4.1 Optimization-based methods 

Flux Balance Analysis is the oldest and the most widely used optimization-based 

analysis method. It calculates reaction fluxes, their distribution in a metabolic network and, 

on the basis thereof, it allows for the prediction of maximal yields of growth or production 

of a particular compound (258, 259). It is based on the optimization of a linear 

combination of fluxes throughout the network towards an objective function. This is often, 

albeit not always, the maximization of growth yield (256) (see section 2.2.1 below). FBA 

optimization is constrained by the stoichiometry of the network and by upper and lower 

bounds on reactions set by thermodynamic and substrate uptake constraints. In addition, 

conditional constraints can be put on the system to simulate experimental conditions such 

as gene knockouts and alternative gene regulation. This optimization step is necessary due 

to the underdetermined nature of metabolic networks, as a range of flux profiles are 

possible for a given network. The problem of maximization posed by the FBA belongs to 

the class of the linear problems (LP) (127). They have one important property, namely that 

if a global solution (maximal value of the objective) exists, it can be efficiently found, by 

an appropriate algorithm (there are many computational problems in which there exist no 

method to prove that the identified maximum is the global one). Solving the FBA problems 

provides both the objective value and the flux distribution that supports this objective. In 

addition to of prediction of growth and production yields, the FBA is widely used for 

assessment of the viability of mutants (46, 173). In this approach reactions that become 

inactive are identified via Gene Protein Relationships (GPRs, see section 1.4.5), the 

metabolic network modified accordingly and the FBA run with the growth yield set as the 

objective. A non-zero growth yield means a viable mutant. 



Introduction 

15 

Flux Variability Analysis (FVA) is an extension of the FBA that was developed to 

account for a number of facts that FBA does not account for. First, the flux distributions 

that support the maximum of the objective are often not unique. Second, if the values of 

the objective slightly lower than the maximum are considered, the size of the flux space 

able to support these values may increase greatly (27, 146).  And third, the assumption of 

the perfect optimality of the cells may not always be true. These observations created a 

need to assess what is the size of the flux space that is able to sustain optimal and sub-

optimal solutions, as it was of high importance for the evaluation of the exactness of the 

predictions made by FBA. The FVA assesses independently for each flux what is the 

interval within the flux through the reaction can move freely, provided that the value of the 

objective does not change or it drops less that the accepted cut off. It assess what is the size 

of the flux space that is able to sustain optimal and sub-optimal solutions and contributes to 

the evaluation of the exactness of the predictions made by FBA 

Minimization of the Metabolic Adjustment (MoMA) and Regulatory On-Off 

Minimization (ROOM) are two independent extensions of FBA that predict differences of 

flux distributions between the wild type and the mutant strains. They both try to take into 

account that the assumption of optimality in the case of mutants may not hold, as the 

metabolic network may need some certain amount of time after performing a knock-out, to 

evolve towards new optimum(108). MoMA assumes that the modeled organism will try to 

change the flux distribution within its metabolic network as least as possible (224). It 

identifies thus a point in the modified (by the mutation) flux space that is closest (using a 

Euclidean measure) to the optimal point of the original metabolic network. The prediction 

of the metabolic behavior of the mutants was amore accurate with MoMA than with bare 

FBA (224). ROOM  tries to find a flux distribution in the modified flux space that requires 

minimal number of the reactions that have to be switched on or off (230). The rationale 

behind this method was that the living cell will adjust its metabolism by activating or 

deactivating few enzymes rather than introducing small changes to numerous reactions, as 

it is predicted by the MoMA. In particular cases ROOM was shown to perform better than 

MoMA (230). 

A third method, namely the OptKnock, is also an extension of the FBA approach. It 

allows for the prediction of the modifications to the metabolic network that allow coupling 

two objectives to each other (37). This approach is used for identification of reactions the 

activity of which has to be blocked, so that the maximization of one objective (usually 

growth yield) is coupled to the maximization of some another objective (e.g. production of 
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compound of interest). Consequently, maximizing the first objective implies the 

maximization of the other. The GPR part of the metabolic reconstruction can be the used to 

translate the set of the reactions that need to be blocked, into the list of genetic mutations 

that have to be performed. This approach can assist in the design of biotechnologically 

relevant mutant strains. The OptKnock poses a bi-level optimization problem and belongs 

to the class of Mixed-Integer Linear Programming (MILP) problems. Solving this class of 

problems is much harder than ordinary LP problems, yet effective algorithms have been 

developed (104). 

1.4.4.2 Unbiased methods 

The Elementary Flux Modes (EFM) are the oldest unbiased method of analysis of the 

metabolic networks (221, 222). This approach identifies all minimal subsets of reactions 

that are able to operate in steady state. The minimality of the subset means that the removal 

of any reaction from it would render this subset of reactions unable to operate in steady 

state. The EFMs can be seen as a type of abstract pathways. The Extreme Pathways (EPs) 

is a very similar approach that differs in the method of treating reversible reactions. The set 

of Extreme Pathways constitutes a subset of the set of EFMs for a given metabolic network 

(if the network does not contain reversible reactions these set are equal) (183). The EPs 

constitute a convex basis of the flux cone of the fluxes allowable in the steady state, i.e. 

each flux can be expressed by the positive combination of EPs (215). The expression of a 

flux through EPs, in contrast to normal algebraic spaces, is, however, not unique, i.e. a 

particular allowable flux combination can be expressed by various positive combinations 

of EPs (274). The EFMs and EPs can be very useful for the analysis of metabolic 

reconstructions, though there is a disadvantage that renders them unusable for the analysis 

of genome-scale reconstructions. Namely, the number of EFMs or EPs grows very rapidly 

with number of the reactions included into the model. This phenomenon is called 

“combinatorial explosion” and renders the calculation of EFMs or EPs computationally 

intractable (133, 220). This led to development of methods that artificially reduce the 

number of EPs or EFMs, it is, however, still impossible to identify neither of them for 

fully-sized genome-scale networks (132). The EFMs could be computed for a network of 

central metabolism of the yeast containing 85 reactions (38) and simplified E. coli model 

composed of 118 reactions. Papin et al (180) identified the Extreme Pathways for the non-

essential amino acid production by the H. influenzae metabolic network that contained of 
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461 reactions. Price et al (193) computed EPs for metabolic network of H. pylori 

composed of 381 reactions. 

If the sets of EPs and EFMs can be computed, they can be further analyzed. Until now 

several methods were developed. These include analysis of the lengths of particular 

pathways and participation of the reaction in the pathways. Correlated subsets (CoSets) are 

one example of analysis of reaction participation (181). Reactions belonging to the same 

CoSet share the pattern of participation in EPs or EFMs. Consequently, inactivating a 

single member reaction renders all other reaction from the same CoSet inactive, due to the 

minimality of EPs and EFMs. Thus, it was suggested that reactions belonging to the same 

CoSet should undergo the same regulation pattern (181). Identification of Input-Output 

Relationships (IOFA – input/output – feasibility array), another method for the analysis of 

participation, allows for identification if a particular external compound can be converted 

to some other and on how many possible ways this can be done, by identifying EPs or 

EFMs that contain reactions exchanging these compounds with environment (179). 

A different type of analysis is the decomposition of a particular flux distribution into 

EPs. As it was already mentioned any flux distribution can be presented as a positive linear 

combination of EPs. The decomposition of a flux distribution into EPs is, however, not 

unique, therefore the weights of the linear combination can vary. The set of values that are 

allowed for a particular EP can be determined (274). The collection of these sets for all 

EPs forms, so called, -spectrum of a particular flux distribution. It defines which EPs can 

contribute to this flux distribution and what is the extent of this contribution (274). 

The Flux Coupling Finder is an approach that tries to identify features of a metabolic 

network similar to those identified by EFM or EP analysis, simultaneously not running into 

the computational problems that are hampering the latter methods. FCF is based on linear 

programming that assesses the correlative relationships among flux values in a network 

(36). FCF identifies three types of relationships between reactions: directional coupling 

(v1 v2), whereby a non zero flux over one reaction (v1) implies a non-zero flux over the 

other (v2) although the converse is not necessarily true; partial coupling (v1 v2), whereby 

a non-zero flux on either reaction implies a non-zero flux on the other, but the flux ratio 

can take any value from a certain interval; and full coupling (v1 v2), whereby a defined 

flux on one reaction implies a defined (but not necessarily equal) flux on the other. In the 

case of full coupling, a zero flux for one reaction always implies a zero flux for the other. It 

is worth noting that while all three types of coupling are transitive relations (i.e., v1 v2 

and v2 v3 implies v1 v3), only partial coupling and full coupling are commutative (i.e., 
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v1 v2 implies v2 v1). The last relationship 

corresponds to assigning the reactions to the 

same CoSet, in the EP or EFM analysis. Aside 

from its value in measuring metabolic 

network flexibility, FCF can aid in choosing 

mutational strategy, e.g., in choosing the 

easiest gene to manipulate out of a set that 

coding for reactions in a fully coupled set. It 

can also narrow down the space of possible 

fluxes predicted by FVA, since the reactions 

belonging to one fully coupled set always 

behave in a concerted way. This means that if 

the flux of one reaction from a fully coupled 

set is set at some value, the fluxes of 

remaining reactions in the set become then fixed. 

1.4.5 Constraint-based genome-scale modeling and analysis  

Around the constraint-based modeling a whole approach exists that allows for 

genome-wide modeling and analysis. This approach defines the organism’s global 

metabolic space, network structural properties, and flux distribution potential, and provides 

a framework with which to navigate through the metabolic wiring of the cell (182, 194, 

200). It is composed of a genome-wide metabolic reconstruction (see Figure 2) on the top 

of which a constraint-based model is built and a number of analysis methods, that identify 

various properties of the metabolic network. The metabolic reconstruction is composed of 

all reactions that are active in a particular organism and a set of genes that are known to be 

involved in the catalysis of these reactions. Genes are connected with reactions and with 

each other by a set of Boolean rules termed Gene Protein Relationships (GPRs). GPRs 

define which genes are responsible for catalysis of a particular reaction and whether they 

can catalyze the reaction alone or they need other genes to build a functional enzymatic 

complex. GPRs allow for accurate discrimination of the effects of genetic perturbations 

such as knockouts (63, 201). 

This approach has been instrumental to assist on the elucidation of metabolic features 

in a variety of organisms (200). These belong mostly to Prokaryotes (see Table 4), but also 

the metabolic network of the yeast Saccharomyces cerevisiae was reconstructed within this 

Figure 2. Metbolic reconstruction – an 

illustrative example 
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approach (58). Currently, efforts are undertaken to reconstruct human cells (57). Metabolic 

reconstructions proved to be successful in predicting growth yields, assessing essentiality 

of genes, predicting the behavior of the metabolism of mutants, and, in a few cases thus far, 

they have been used for concrete biotechnology endeavors (37, 141, 190, 191). 

1.5 Aims of the dissertation 

Pseudomonas putida and Pseudomonas aeruginosa, although closely related, have 

different properties and adopt different lifestyles. Owing to their biotechnological and 

medical relevance, respectively, they have been the subject of very intense research world-

wide. The amount and quality of knowledge on their habitat-specific, metabolic and 

molecular properties thus far gathered, provides a solid basis for undertaking a Systems 

Biology approach to advance the understanding of their genotype-phonotype relationships. 

The investigation of these two organisms from this perspective will provide new insights 

into the their operation as versatile biocatalysts or opportunistic pathogens and will 

contribute to our understanding not only of these two species but also the whole group of 

pseudomonads. The Systems Biology of Pseudomonas needs, however, a good scaffold on 

the top of which further research can be conducted. Hence this work has two main aims: 

The first is to create this solid basis for metabolic analysis of both Pseudomonas 

aeruginosa and Pseudomonas putida within the scope of genome-scale constraint-based 

modeling. This task can be further split into a few steps. The first is the creation of the 

metabolic reconstructions of both bacteria. Subsequently, the completeness and correctness 

of the reconstructions will be validated against various experimental data and the global 

properties will be assessed using various analysis methods. 

The second aim is to evaluate various areas of application for the models. These include an 

initial comparison of both reconstructed networks, as well as elucidating possible 

extensions. For the reconstruction of P. putida, the main focus will be on the improvement 

of the existing or design of new industrially relevant bioconversions, while for 

P. aeruginosa one the investigation of traits related to virulence and pathogenicity will be 

in the centre of attention. 
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2 Materials and Methods 

2.1 Constraint-based models – mathematical formulation 

2.1.1 Stoichiometric matrix 

In modeling a metabolic network, the stoichiometries of all reactions included into a 

constraint-based model can be summarized in form of a stoichiometric matrix (S-matrix) 

which eases further analysis. The rows of the S-matrix represent the participation of 

chemical compounds in the reactions contained in the reconstruction, whereas represent 

distinct reactions, and coefficients populating the columns of the matrix depict the 

stoichiometry of the reactions (see Figure 2 and Figure 3). The S-matrix couples the rates 

(fluxes) of the reactions (v) with changes 

in concentration of metabolites (C) in 

following form:  

vS=
dt

dC

 

2.1.2 Pseudo steady-state assumption 

(PSSA) 

A Pseudo Steady State Assumption 

(PSSA) assumes that the concentrations of 

the metabolites stay constant over the 

time. The PSSA introduces the following 

constraint on the above equation: 

vS=
dt

dC
I0

  

where SI corresponds to stoichiometric 

sub-matrix containing rows pertaining 

compounds to which the PSSA should 

apply (internal compounds). Application 

of the PSSA limits the attainable flux 

space to an open polyhedral cone that is Figure 3. Contraint-based model – an illustrative 

example 
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immersed inside n-dimensional space 

(where n is the number of reactions, see 

Figure 4). This cone forms the null space of 

the SI-matrix.  

2.1.3 Other constraints 

Other types of constraints are top and 

bottom limits that correspond to catalytic 

capabilities of the enzymes (capacity 

constraints). The application of such 

constraints to certain reactions converts the 

null space of the S-matrix from open into a 

closed one (see Figure 4), i.e. every flux in 

the metabolic network is limited. 

 

 

 

2.2 Computational analysis methods 

2.2.1 Flux Balance Analysis (FBA) 

Flux balance analysis (FBA) is a primary method for analysis of constraint-based 

models. Generally, in a constraint-based model of metabolism, after application of the 

above mentioned constraints, there is still a vast space of possible flux distributions. FBA 

narrows the flux possibilities by determining a point in closed flux space that maximizes a 

certain linear combination of fluxes(257). FBA poses a linear programming (LP) problem 

and thus a global maximum always exists, provided that the problem is feasible (i.e., there 

exists at least one combination of fluxes which fulfills all the constraints). Using the matrix 

notation the FBA problem can be stated as following: 

maximize: vcT

 

subject to:  0=vS i  

 
v

min
v v

max  

FBA optimization yields  an optimal value for the objective along with a flux value for 

Figure 4. Subsequent steps of constraining of a 

metabolic space 
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every reaction belonging to the metabolic network, the flux value that enables reaching the 

optimal value of the objective. Commonly, FBA is used to predict maximal growth or 

metabolite production yields. Cell growth is simulated by the flux over a special ‘Biomass’ 

reaction that consumes precursors of cellular components (amino acids, lipids, dNTPs, 

NTPs, cofactors) and produces a virtual unit of cell biomass. Maximization of this flux is 

usually set as the FBA objective. This procedure assumes that the organisms have been 

shaped by the evolution towards growth maximization, an assumption that has been 

validated under a variety of conditions (61). 

2.2.2 Flux Variability Analysis (FVA) 

Metabolic networks of living organisms are usually considerably underdetermined (27, 

146). This property causes that it is impossible to determine all the fluxes in the metabolic 

network uniquely, just by putting constraints on external fluxes and the growth rate 

(obtained by FBA), but they are limited to a certain space (27, 199). The size of the 

mathematically allowed flux space can vary depending upon the network structure and the 

constraints. Flux variability analysis (FVA) is a method that allows for rough top 

estimation of the flux space for a given FBA optimization (146). FVA computes for each 

reaction an interval of values inside of which the flux of the reaction can change without 

influencing value of the objective function, provided that other fluxes are allowed to vary 

freely within their constraints. This is achieved by fixing external fluxes to the values 

obtained in initial FBA simulation and, subsequently, for each reaction performing two 

FBAs with minimization and maximization of the flux through the reaction set as the 

objective.  

It is often the case that cells do not operate perfectly optimally when FBA simulations 

are compared to real data. Therefore, a variant of the FVA approach called suboptimal FVA 

(146) is sometimes informative, wherein instead of fixing the objective to its optimal value 

from the initial FBA run (as in standard FVA), the objective value is allowed to vary  

within a predetermined limit. For every suboptimal FVA presented in this work the 

objective lower limit was chosen at 90% of the initial objective value (assuming that FBA 

maximized the objective). 
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2.2.3 Flux coupling Finder(FCF)  

The FCF can be described by the following pseudo-code: 

1. Identify blocked reactions (e. g. by running FBA) and exclude them from further 

analysis,  

 Set InCoupledSet=

3. For i = {1 to N-1} (where N is the number of reactions to be analyzed) do: 

1. If vi InCoupledSet then start the next iteration. 

2. For j = {i+1 to N} do: 

1. set flux over the vj to 1; 

2. using FBA find minimal (vmin) and maximal (vmax) value of vi; 

3. if vmin=0 and vmax is unbounded then reactions are uncoupled; 

4. else if vmin=0 and vmax=c>0 then vi vj; 

5. else if vmin=c>0 and vmax is unbounded then vj vi; 

6. else if vmin=c1>0 and vmax=c2>0 then: 

1. put reaction vj to the set of reactions coupled with vi; 

2. put reaction into InCoupledSet; 

3. if c2-c1>0 then v1 v2; 

4. if c2-c1=0 then v1 v2; 

. 

2.2.4 OptKnock 

OptKnock is an approach for identification of mutations that selectively increase 

production of a certain compound of interest, assuming that the mutant would optimize for 

the same quantity as the wild type (e.g. growth yield) (37). OptKnock points out reactions 

(and genes, through GPR logic) that must be blocked in order to maximize a linear 

combination of target fluxes (outer objective) while simultaneously maximizing for the 

cell’s assumed objective (growth yield; inner objective). OptKnock extends from the FBA 

optimization framework by utilizing the duality property in linear programming (37) and 

that is solved via Mixed-Integer Linear Programming (MILP) technique. Given the set of 

fluxes v, the stoichiometric matrix S, the vector of limits on particular fluxes l and the 

vector of contribution of particular fluxes in the objective cp, the original FBA problem can 

be written as: 

maximize: 
vcT

p subject to: 
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0=vS  

lvL  

where L is the binary matrix showing to which reaction a particular limit apply. 

The matrices S and L have the same number of columns and can be put together to form a 

matrix of the linear problem 

RI=A=
L

S

 

where R and I are the submatrices pertaining the reversible and irreversible reactions, 

respectively. 

Then the dual problem can be written: 

minimize: d

T c  subject to: 

T

revp,

T c=R
 

T

irrevp,

T cI
 

,stoch

 

0
ineq

 

where: 

cd – is the dual objective and 
T

ineqd,eqd,

T

d
c,c=c

, where cd,eq=0 and cd,ineq=l 

 – are the dual variables, where 
T

ineqstoch

T ,=
, and stoch and ineq – are the dual 

variables related to the primal stoichiometric (metabolites) and the inequality (flux 

limiting) constraints, respectively. 

cp,rev and cp,irrev – are vectors indicating the participation of the reversible and 

irreversible reactions in the primal objective, respectively, and 
T

irrevp,revp,

T

p
c,c=c

 

The OptKnock problem can be than stated: 

maximize: vcT

O  (outer objective) 

subject to: d

TT

p
c=vc

 (existence of inner objective) 

 

eqd,
c=vS 0

 

ineqd,
cvL

 
T

revp,

T c=R
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T

irrevp,

T cI
 

,
stoch  

0
ineq  

Bivyvvy max

iii

min

ii  

i

max

i

ineq

imin,

ineq

imax,
y+ 1  

Ky
i

i
1

  

where: 

cO – is the OptKnock objective 

yi – is the binary variable defining the activity of particular reaction 

B – is the set of reactions that can be deactivated  

K – is the limit of the number of the reactions that can be inactivated 

vi
min, vi

max, i
max – are limits on the corresponding variables 

 

2.2.4.1 Modification of OptKnock 

In order to enable the choice of the carbon source(s) the original OptKnock procedure 

was modified as follows: 

1. A virtual reaction, with limited flux, was created that sourced virtual compound 

“vcarbon” 

2. For each carbon source a virtual irreversible reaction that converted the compound 

“vcarbon” into the respective carbon source was added to the model The 

stoichiometry of this virtual reaction corresponded to the number of carbon atoms 

in the carbon source, e.g.: 

6 vcarbon  D-glucose. 

3. For each of those reactions (vj) a binary variable (zj) defining its activity was 

created and following constraint was added to the model: 
j

max

jj
zvv , where the 

vj
max was set to value high enough, so that the whole “vcarbon” could be 

consumed by each reaction.   

This modification allows for the choice of one or more carbon sources that, together 

with the mutation set identified by OptKnock, provide the highest objective. 
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2.2.5 Identification of minimal growing reaction set 

The minimal growing set was identified using a Mixed Integer Linear Programming 

(MILP) approach, by modifying original FBA LP problem. For every non-blocked and 

non-essential reaction a binary variable was added that reflects the activity of the reaction. 

When the binary variable takes value of 1 the corresponding reaction in virtually unlimited 

(or limited by rules of original LP problem). When the variable is set to 0 the 

corresponding reaction is blocked (non-zero flux is impossible). This was achieved by 

adding a following set of equations to the original LP problem: 

lim

iii

lim

ii vyvvy  

 for reversible reactions, and 

lim

iii vyv  

for irreversible reactions. In order to assure that growth was not overly restricted, a 

minimal flux value was established for the biomass reaction. The lower limit on biomass 

flux was set to the value of 0.05 when the supply of carbon source was 60 mmolC·gDW
-1h-1, 

which corresponds to growth yield of 0.07gDW·gC
-1, 16 times lower than the wild type. The 

objective of the problem was set to minimize the sum of all binary variables: yi: 

minimize
i

y
i

 

This method searches for a minimal set that is able to sustain the growth yield greater than 

or equal to the minimal yield growth requirement. 

2.2.6 Identification of inactive reactions through Microarray analysis. 

The results of Microarray experiments were used to identify the reactions that are most 

probably inactive in the conditions that the samples for microarray experiments were taken 

from. The procedure was performed on two sets of four Microarrays (Affymetrix), which 

were sampled from continuous cultures. One of them was performed with P. putida 

KT2440, the other with very similar strain P. putida S12. In both cases P. putida 

Affymetrix Microarrays (Affymetrix, Santa Clara, CA, USA) were used. Since two 

different organisms were used these two sets were treated separately through further 

analysis.  In each set two chips were control experiments, while the other two were a 

mutant strain, in the case of P. putida KT2440 (this experiment will be further called 

“mutant”; Joost  van Duuren unpublished data) or the medium contained 3mM toluene 

(P. putida S12 - “toluene” experiment; Rita Volkers – unpublished data). The analysis of 
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the chips that was performed previously (data not shown), showed that there are no great 

differences between the controls and the samples, so the samples and control were pooled 

together. 

First the genes that are absent were identified via MAS 5.0 detection algorithm, using 

the appropriate function from the “affy” package of Bioconductor suite (84). A gene was 

classified as absent if in at least three out of four experiments it was recognized as absent. 

Subsequently the reactions that should be inactivated were identified with the help of 

GPRs and their flux was limited to zero. 

 
 

2.3 Metabolic network reconstruction 

The main sources of information regarding the composition of the metabolic networks 

of both Pseudomonas species were various biological databases. Most of the information 

came from the Kyoto Encyclopedia of Genes and Genomes (KEGG) (125, 126) and 

Pseudomonas Genome Database (277). The information regarding the bacteria contained 

in these two databases is mainly based on their published genome annotations (164), so 

there is quite a high overlap between the databases. Additionally, substantial information 

was taken from the BRENDA (217) (catalogs enzyme information) and TCDB (210) 

(catalogs transporter information) databases . This all was augmented with knowledge 

coming directly from primary research publications (see Appendices 6Appendix 2 and 

6Appendix 4) and homology searches with BLAST. The reconstruction processes were 

performed in an iterative manner, i.e. by adding and/or removing reactions from the model 

in between rounds of model testing. The important decision that has to be made while 

including the reaction into the model is the one about the directionality of the reaction. 

Each reaction can run either to the “left” or “right” or in both directions. This property is 

an approximation of the Gibbs’ free energy of the reaction, which, in turn, is very often 

unknown. Allowed directionalities of the reactions have quite a big impact on the allowed 

flux space of the model. The improper assignment may lead to false predictions (e.g. the 

model may be able to produce energy from nothing). This decision was made basing on the 

information coming from the KEGG pathways and the BRENDA database. In case of 

conflicting information the decision was made basing on the equation of the reaction as 

well as its reversibility in other organisms. 
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Both reconstruction processes proceeded according to similar procedure, albeit with 

some organism-specific differences, caused by differences in the knowledge that is 

available for each of the two bacteria. These processes are depicted in Figures 5 and 6. The 

reconstruction process encompassed three major stages. The first was fetching the 

knowledge regarding the presence of particular reactions in the metabolic network of 

respective organism from the above mentioned databases and from primary research 

publications. In parallel the Gene Protein Relationships, linking reactions with genes, 

which products are responsible for their catalysis, were built. The collection of reactions 

contained in the databases involved also filtering out those either having very weak 

evidence for occurring in the reconstructed organism or being generic reactions pertaining 

classes of substrates or having improper stoichiometry. This information constituted the 

first version of the model. This version is denoted with “pre1” in superscript after its name 

(iJP815pre1, iMO1058pre1
). 

The aim of the second stage was to enable the models to simulate the growth on the 

minimal medium with glucose. The ability to simulate growth means that all precursors 

required for growth can be synthesized and energy in form of ATP generated. This was 

tested by running FBAs with production each of the precursors set as the objective. The 

lists of required precursors were organism specific (see the sections pertaining to each 

bacterium below). The lack of production meant that gaps exist in the pathways 

responsible for the production of the compound. These gaps were then indentified and 

closed by identification of reactions that would close them, finding out proteins that can 

catalyze these reactions and finally adding the reactions together with GPRs to the 

reconstruction. This step, as previous, included database and literature searches. 

Additionally homology searches were performed, when the proteins responsible for the 

missing reaction were known in similar organisms. In a few cases no genes could have 

been found, for the reactions which presence was required for synthesis some of the 

biomass precursors. In this situation the appropriate reactions were added anyway, 

assuming that synthesis of the precursor must suffice as the evidence for the presence of 

the reaction. The reactions were usually taken from the E. coli model. This version of the 

model is denoted with “pre2” in superscript after the model name (iJP815
pre2

, 

iMO1058pre2). 

The work in the last stage, the model completion step, was concentrated on the filling-

out the pathways that have not been completed in the previous stages. The comparison 
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with the BIOLOG™ utilization assay was an important source of information. Other 

important activity in this step was the identification of proteins responsible for transport of 

different compounds and adding appropriate reactions to the model. The reconstruction of 

the transport network is quite problematic as most of the transporter-coding genes are 

annotated with low resolution, defining only class of compounds that can be transported by 

the protein, whereas most of these transporters have much narrower specificity. 

 

 

2.3.1.1 Reconstruction of the P. putida metabolic network 

The stress in the reconstruction of the P. putida metabolic network was put on the 

completion of various degradative pathways, mainly of various aromatic compounds. The 

biomass equation was taken from the E. coli model (259). The reason of this 

approximation is the lack of reliable data regarding biomass composition of P. putida and 

it can be justified by relatively close relatedness of the both species.  

Figure 5. The reconstruction process of the P. aeruginosa metabolic network 
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2.3.1.2 Reconstruction of the P. aeruginosa metabolic network 

As P. aeruginosa is renowned as an opportunistic pathogen much effort was spent to 

reconstruct pathway that are vital for the pathogenicity of this bacterium. During the 

reconstruction confidence classes for reactions were assigned based on the PseudoCAP 

protein name confidence rating system (277), which rates the confidences of gene-protein 

associations in the PAO1 annotation. This system was extended to rating confidences for 

reaction associations. There are four levels in this rating system, as follows: class 1, which 

accounts for genes whose functions have been demonstrated experimentally with 

P. aeruginosa; class 2, which accounts for genes whose functions were inferred via 

homology with an experimentally characterized protein in another organism; class 3, which 

represents gene-protein associations based on the presence of conserved amino acid motifs; 

and class 4, which accounts for genes with similarity to other genes of unknown function. 

This rating system was used for genes whose functions were newly annotated in this study 

(see Table 4, “Proposed Confidence” column), and for genes which were not newly 

Figure 6. The reconstruction process of the P. putida metabolic network 
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annotated, reaction confidences were assigned equivalent to the protein name confidences 

in the annotation. 

The P. aeruginosa biomass reaction was also assumed to be similar to the published 

Escherichia coli biomass reaction (259), albeit with some minor variations to account for 

P. aeruginosa-specific data. These included different composition of acyl side chains in 

phospholipids and modification of composition of lipopolysaccharide (LPS), so that the O-

band is not included, as it is not always present in the LPS of P. aeruginosa. 

2.4 In silico growth experiments 

The in silico growth experiments were performed to assess the ability of organism to 

simulate the growth of to compute the growth yield on a particular substrate (mainly the 

carbon source) in various conditions. They were done using FBA with maximization of 

flux through biomass reaction set as objective when supply of the substrate was limited to 

certain amount (equivalent of 60mmolCgDW
-1h-1, if not stated differently) or, equivalently, 

by setting the biomass production to a defined value and minimizing the uptake of the 

substrate. The non-zero biomass production (or feasibility of the solution in the second 

method) means then that the in silico growth is possible. The yield is then computed by 

dividing the biomass production by the supply of the substrate. The vast majority of 

growth experiments were performed in conditions corresponding to the growth on a 

minimal medium. These conditions were reproduced in silico by allowing an exchange of 

basic minerals and a carbon source. The former included carbon dioxide, oxygen (for 

aerobic conditions), ammonia, sulfate, phosphate, water, nitrate (when the growth in 

denitrifying conditions was simulated) and protons (important for energy generation). 

Solely the in silico growth experiments used to compare the essentiality of genes in 

silico and in vivo for P. aeruginosa were performed, since the wet-lab data were obtained 

from bacteria growing in the LB medium. Its in silico counterpart was approximated in a 

previous study (173) based on yeast extract analysis provided by the manufacturers. The 

supply of each compound was limited to 10 mmolCgDW
-1h-1 – the growth experiments 

served only for assessing the ability to grow, so the exactness of the values of these 

constraints was not relevant. 
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2.5 Comparative methods 

2.5.1 Influence of the biomass composition on growth yield 

The influence of composition of biomass composition on the predicted growth yield 

was assessed by the following procedure. A fraction of each compound in the biomass 

equation was varied both up and down by 20% and, in each case, FBA was performed with 

the modified biomass equation set as the objective. The obtained values were compared 

with each other. 

2.5.2 Dependency of growth yield on Growth-Associate Maintenance (GAM) and 

Non-Growth-Associated Maintenance(NGAM) 

GAM and NGAM are two parameters that are related to non-metabolic energetic 

expenditures of the living cell (259), that, apart from the biomass composition and network 

structure, define maximal in silico growth yield. GAM is an energy expenditure necessary 

for non-metabolic activities accompanying the synthesis a unit of biomass. NGAM is an 

amount of energy that is used by the cell to maintain its life functions without growing. 

Their values are estimated from experimentally measured maximal yield and maintenance, 

respectively. The formula for the value of NGAM has the following form: 

ATPY

m
NGAM  

where: 

m – experimental maintenance expressed in mmol·gDW
-1·h-1 

Yatp – maximal ATP yield on carbon source in mmol·mmol-1 

The GAM can be computed from the experimentally measured maximal yield with the 

following formula: 

max

1
Y

Y

Y

Y
GAM S

S

atp

 

where: 

Ymax – maximal in silico growth yield on a carbon source (without GAM and NGAM) 

in gDW·mmol-1 

YS – maximal experimental growth yield on a carbon source in gDW·mmol-1 

When the in silico maintenance values are known the actual yield can be computed using 

the following form: 
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sup

max

atp

max

atp

atp

C
Y

Y
+GAM

NGAM

Y

Y
+GAM

Y
=Y

 

where: 

Csup – rate of supply of carbon source mmol · gDW · h-1 

It has to be noted that the value of ATP yield (Yatp) depends on the stoichiometry of the 

oxidative chain – the so called P:O ratio (number of ATP molecules synthesized per mole 

of oxygen atom reduced). This ratio was assumed to be equivalent to that used in the 

E. coli metabolic model (1.33) (201), as the information regarding the stoichiometry of the 

oxidative chain in P. putida is not available. 

2.5.3 Comparison of FVA analyses with 
13

C flux measurement data 

Fluxes estimated for P. putida central metabolism by the means of 13C measurements 

(78) were compared with in silico FVA flux predictions in iJP815. The 13C flux predictions 

derive from fitting of reaction fluxes to a metabolic network model, all the while 

accounting for flux ratios computed from the fates of amino acid isotopomers (75). The 

metabolic network used for these computations is a section of the metabolic network of an 

organism and the reactions building it should be a subset of the metabolic reconstruction. 

However, we could find no genetic evidence for the presence in P. putida of one reaction 

(phosphoenolpyruvate carboxykinase) in the 13C flux model, and one reaction (pyruvate 

carboxylase) that was irreversible in the 13C flux model was allowed to be reversible in 

iJP815. Additionally, the authors of the 13C work assume explicitly that two reactions 

(phosphoenolpyruvate carboxylase and oxaloacetate carboxy-lyase) that are present in 

iJP815 are absent in the bacterium. We investigated these differences and according to 

available data, our version of the metabolic network structure is correct. 

As the 13C measurements are not able to distinguish between the three uptake routes of 

glucose, it was assumed in the original work that the glucose is taken up directly. The same 

assumption was made in the optimal FVA analysis. In the suboptimal FVA analysis all 

three routes of uptake were allowed. 

2.5.4 Influence of biomass equation composition on the outcome of FBA/FVA 

simulations 

FVA was performed for each biomass equation created as described in the section 

2.5.1 the FVA was performed. The minimal and maximal flux values from these 
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simulations were used to estimate the possible range of the flux ratios that were measured 

in 13C flux experiments (75). For each flux ratio and biomass equation the lowest and the 

highest possible value of the in silico flux ratio was estimated, while keeping the in silico 

growth yield equal to that assumed in FVA computations. Subsequently, for every flux 

ratio, the mean and standard deviation of the minimal and maximal values across all the 

biomass compositions were computed. Afterwards suboptimal FVA was performed and the 

same computations were repeated for its results. 

2.5.5 Identification of orthologous pairs between P. aeruginosa and P. putida 

The orthologous pairs in the two species were identified by performing for each gene 

of one organism a homology search with BLAST algorithm against database composed of 

genetic sequences of the other organism. For each gene the most similar hit was identified, 

if it existed. The same search was performed in the opposite direction, i.e. homology 

search with sequences from the second organism was performed against database made of 

the sequences from the first bacterium. Subsequently this whole procedure was repeated 

for protein sequences. Pairs of genes from both bacteria were assumed to be orthologs, 

when both nucleotide and amino acid homology searches in either direction identified the 

other gene from the pair as the first hit. This approach yielded 3126 pairs of orhologs. In 

98% of the cases the BLAST score exceeded 400  

2.5.6 Computational methods 

The Pseudomonas putida model was created and maintained using ToBiN (Toolbox 

for Biochemical Networks, http://www.lifewizz.com). The Pseudomonas aeruginosa model 

was created using Simpheny™ platform (GENOMATICA, USA). The FBA optimizations 

were computed within the platforms. Other optimizations (FVA, OptKnock) were 

performed using free, open source, solvers from the COIN-OR family (COmputational 

INfrastructure for Operations Research, http://www.coin-or.org) or by the lp_solve ver. 5.5 

(http://lpsolve.sourceforge.net/5.5/) software package. All computations were performed 

on a Personal Computer with an Intel® Core™ 2 2.40 GHz CPU and 2GB of RAM. 
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2.6 Experimental methods 

2.6.1 Media and chemicals 

P. putida KT2440 was grown either on EM-medium (Bacto Trypton – 20g, Yeast-

Extract – 5g, NaCl – 5g, Glucose 0.5%, H2Odest at 1000ml; the glucose was as 10% 

solution autoclaved separately and added in appropriate amount) or minimal medium (10x; 

Na2HPO4 – 50 g, KH2PO4 – 100g, MgSO4×7H2O – 2g, (NH4)2SO4 – 20g, CaCl2 – 0.01g, 

FeSO4×7H2O – 0.01g, H2Odist ad 1000ml; the potassium and sodium salts were dissolved 

separately and subsequently mixed with other dissolved salts; pH was set to 7.0 by adding 

10mM NaOH) with different compounds as the sole carbon source. 

2.6.2 BIOLOG substrate utilization experiments 

Pseudomonas putida KT2440 was tested for its ability to utilize various carbon sources 

using BIOLOG™ GN2 Microplates (25) (BIOLOG Inc. Hayward, CA, USA). All 

procedures were performed as indicated by the manufacturer. Bacteria were grown 

overnight in 28°C on a Biolog Universal Growth agar plate. Afterwards they 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 plate was read by a microplate reader and the read-outs 

were analyzed with MicroLog3 4.20 software. 

2.6.3 Growth Experiments 

If not stated differently, cells were grown on agar plates overnight in 30°C. 
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3 Results 

3.1 Highlights of the model reconstruction process 

Both genome-scale metabolic networks were reconstructed through a processes 

summarized in Figures 5 and 6. The reconstruction process involved (1) an initial data 

collection stage leading to a first pass reconstruction, (2) a model building stage in which 

simulations were performed with the reconstruction created in previous point and 

modifications were applied to it, until the model was able to grow in silico on glucose 

minimal medium, and (3) a model completion stage in which BIOLOG™ substrate 

utilization data was used to guide model expansion and in silico viability on varied 

substrates. The complete models can be inspected in Appendices Appendix 1 and Appendix 

3. 

 

Table 1. Summary of the main characteristics of the iMO1058 metabolic reconstruction 

Pseudomonas aeruginosa PAO1 characteristics 

Genome size 6.3 Mbp 

Total ORFs 5669 

iMO1058 Characteristics 

Total 877 

 Potentially Active  633 (72.2%) 

 Unconditionally Blocked  244 (27.8%) 

 Well annotated  703 (80.2%) 

  Weakly annotated  129 (14.7%) 

 Non gene-associated  45 (5.1%) 

Reactions 

 Transport  129 (14.8%) 

Total 868 

 Internal  756 (87.1%) 

  Balanced    461 (61.0%) 

  Unbalanced   295 (39.0%) 

Metabolites 

 External  112 (12.9%) 

Total 1058 

 Well annotated  700 (66.2%) 

Genes 

 Weakly annotated  358 (33.8%) 
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3.1.1 The reconstruction of Pseudomonas aeruginosa 

The metabolic reconstruction of P. aeruginosa, named iMO1058, following an often 

used convention (201), accounts for 877 metabolic reactions and is summarized in Table 1 

and Figure 7. The reactions connect altogether 756 internal and 112 external metabolites. 

One thousand fifty eight genes are involved in 832 (95%) of the reactions, whereas the 

presence of the remaining 45 reactions was justified by other experimental evidence or 

they were added to close gaps in the metabolic network, which presence prevented the 

model from simulating the growth in silico.  As mentioned in the methods section  an 

effort was made  to reconstruct anabolic pathways necessary for the synthesis of all major 

cellular biomass components from basic metabolic precursors as well as the major 

pathways associated with virulence for this bacterium. The latter include quorum sensing 

(54, 100), expression of lipopolysaccharide and rhamnolipids (235), and notoriously, the 

switch from the nonmucoid to mucoid form and associated production of the 

exopolysaccharide alginate (198). Table 2 lists the virulence-associated pathways 

accounted for in iMO1058 and some relevant features of these pathways. 

 

 

 

Figure 7. The assignment of the reactions to functional groups in iMO1058 
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3.1.2 The reconstruction of Pseudomonas putida 

The P. putida reconstruction, named iJP815, consists of 824 intracellular and 64 

extracellular metabolites connected by 877 reactions (see Figure 8 and Table 3). Eight 

hundred fifteen (94%) reactions have at least one assigned gene as delineated in the gene-

protein-reaction (GPR) relationships. Only 56 reactions, of which nine are non-enzymatic, 

lack associated genes. The remaining 47 non-gene-associated, enzymatic reactions were 

added in order to close metabolic network gaps that were identified during the successive 

steps of the reconstruction process. Most network gaps (27) were identified during the 

second round of the reconstruction, and were resolved through detailed literature mining 

and thus enabling iJP815 to grow in silico on glucose in minimal medium. The remaining 

gaps identified in the model completion step (Figure 6) were mostly single missing links in 

a pathway for which there is experimental evidence of operation (e.g. a compound is 

Table 2. Virulence pathways reconstructed in iMO1058. Precursors explanation: uacgam – UDP-N-

acetyl-D-glucosamine; ara5p – D-arabinose 5-phosphate; pep – phosphoenolpyruvate; 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. 

Virulence 

factor 

No. of 

reactions Proteins 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 Las , PvdQ, Rhl SAM, acy -ACP 
Lipopolysaccharide components 

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

Other 2 WzX, WzY, WzZ 
Assembles O antigen 
and core 
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consumed but not produced and no alternative pathways exist). The final reconstruction 

accounts for the function of 815 genes.  

  

3.1.3 Assessment of the completeness of the models 

The number of genes included for the reconstruction corresponds to 15 and 19 percent 

of all genes identified in the organism, for P. putida and P. aeruginosa, respectively. This 

may seem low, but it should be noted that constraint-based reconstructions account only for 

metabolic processes, and thus many genes stays out of the scope of these models. When 

only genes that are currently known to be associated with the metabolism are taken into 

account the fractions of included genes change substantially. According to the KEGG 

database there are 1253 genes in P. putida and 1374 in P. aeruginosa  that are related to 

Table 3. Summary of the main characteristics of the iJP815 metabolic reconstruction 

Pseudomonas putida KT2440 characteristics 

Genome size 6.18 Mbp 

Total ORFs 5446 

iJP815 Characteristics 

Total 877 

 Potentially Active  588 (67.0%) 

 Unconditionally Blocked  289 (33.0%) 

 Well annotated  724 (82.5%) 

  Weakly annotated  97 (11.1%) 

 Non gene-associated  56 (6.4%) 

Reactions 

 Transport  70 (8.0%) 

Total 888 

 Internal  824 (92.8%) 

  Balanced    461 (55.9%) 

  Unbalanced   363 (44.1%) 

Metabolites 

 External  64 (7.2%) 

Total 814 

 Well annotated  634 (77.9%) 

Genes 

 Weakly annotated  180 (22.1%) 
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metabolism – genes that are currently assigned to the classes ‘Metabolism’ (K01100) and  

‘Membrane Transport’ (K01310) in the KEGG orthology classification (125). The genes 

included in the models constitute then 65 and 77 percent of these sets, for P. putida and 

P. aeruginosa, respectively. These figures are consistent with recently published metabolic 

reconstructions for other prokaryotes (see Table 4). 

3.1.4 Initial comparison of the two metabolic reconstructions 

Initial comparison showed that there are 473 common reactions in both models. Since 

the two reconstructions were performed with two different software solutions, it was 

suspected that differences may exist that are solely due to differences between these 

environments. Software-related differences may be caused, for instance, by different levels 

of resolution at which metabolic processes are described in either of the software suites, 

i.e. a reaction from one environment may be split into two or more consecutive reactions in 

the other. A conversion of citrate to isocitrate can serve as an example that was observed. It 

is known that this conversion goes through cis-aconitate as an intermediate, both these 

steps however are catalyzed by the same enzyme and the same EC number is assigned to 

them. Thus this conversion can be described by one lumped reaction converting citrate to 

isocitrate or by two, first of which converts citrate to cis-aconitate and second that converts 

cis-aconitate to isocitrate. In the software used to reconstruct P. aeruginosa (Simpheny™) 

the first description was used whereas in the software used for P. putida reconstruction 

(ToBiN) the second was implemented. The alpha-ketoglutarate decarboxylase can serve as 

Figure 8. Assigments of the reactions belonging to iJP815 to pathways 
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a further example. This reaction converts alpha-ketoglutarate to succinyl-CoA, it is, 

however, catalyzed by an enzyme complex and the conversion itself involves additional 

cofactors (liponamide, thiamin pyrophosphate) the interconversion of which can be either 

accounted for or not.  

The next type of differences is a consequence of the fact that the mechanism of some 

of the metabolic reactions is still not exactly elucidated. This causes that, for example, the 

same reaction may involve different cofactors (e.g. NADH and NADPH) in both models or 

different amounts of energy sources (ATP) may be used to convert a unit of substrate. This 

Table 4: Comparison of prokaryotic metabolic reconstruction created up to date 

Organism Genes KEGG 

Metabolic 

Genes 

Model 

Genes (% 

of KEGG)

Model 

Meta-

bolites 

Model 

Reac-

tions 

Reference 

Pseudomonas 

aeruginosa 

5649 1374 1058 (77.0) 883 877 This work 

Pseudomonas 

putida 

5446 1253 825 (65.0) 888 877 This work 

Bacillus 

subtilis 

4225 1008 614 (60.9) 637 754 (173) 

Escherichia 

coli 

4405 1322 904 (68.3) 625 931 (201) 

Geobacter 

sulfurreducens 

3530 692 588 (84.9) 541 523 (145) 

Haemophilus 

influenzae 

1775 578 400 (69.2) 451 461 (62) 

Helicobacter 

pylori 

1632 374 341 (91.1) 485 476 (214) 

Lactococcus 

lactis 

2310 579 358 (61.8) 422 621 (174) 

Lactobacillus 

plantarum 

3064 817 721 (88.2) 531 643 (247) 

Mannheimia 

succinici-

producens 

2463 711 335 (47.1) 352 373 (103) 

Mycobacteriu

m tuberculosis 

4039 988 726 (73.4) 739 849 (23) 

Staphylococcus 

aureus 

2702 737 619 (83.9) 571 641 (20) 

Streptomyces 

coelicolor 

8042 1210 700 (57.8) 500 700 (29) 
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kind of difference may be either software-environment related, when a reaction, which 

mechanism is not well-specified was defined differently in either software environments, 

or it can be a real difference, when each bacterium uses slightly different mechanism. It is 

quite often hard to decide to which of these two types a reaction actually belongs to. This 

all causes that some reactions may be not instantly identified as identical although they are 

functionally equivalent and that manual inspection of the reconstructions is required.  

After inspecting both reconstructions, the number of reactions that are identical of 

functionally equivalent (i.e. they perform the same conversion, albeit with minor 

deviations in the stoichiometry) increased to 569 and 543 for iJP815 and iMO1058, 

respectively (the difference in the numbers is due to the above mentioned resolution issue). 

The remaining 308 and 334 reactions needed further investigation in order to define which 

of them pose real differences between organisms and which of them exist only due to the 

differences between the reconstruction processes. 

3.1.5 Important subsets of the reactions 

Various subsets can be distinguished in the reconstruction. Two should be mentioned 

at this place, as they are directly connected to the reconstruction process. The first contains 

reactions for which non-zero flux values cannot be obtained, under any environmental 

condition, for the pseudo steady-state assumption (PSSA). These reactions are termed 

“unconditionally blocked” meaning that they are unable to function because not all 

connections could be made with the information available. In both of the reconstructions 

these sets can be identified and the numbers of the reactions belonging to them are quite 

similar, as they differ only by 20% and they sum up to 289 and 244, for iJP815 and 

Figure 9: Subsets of reactions in: (A) iMO1058 and (B) iJP815, sizes of squares correspond to the size 

of the respective set 
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iMO1058, respectively and they constitute between 28 and 33 percent of each 

reconstruction.  

The subsets of blocked reactions are connected directly to the subsets of metabolites 

that are inclusively involved in these reactions and that are termed “unbalanced 

metabolites”. These subsets also differ by about 20%, as they consist of 363 and 295 

members for iJP815 and iMO1058, respectively. The intersection of both blocked reactions 

subsets contains 90 reactions, leaving the remaining ones organism-specific. 

Another important subset of the reactions in the model is that referred to as “weakly 

annotated”, which means that all the genes those reactions are currently annotated as 

coding either for “putative” or “family” proteins. This time the set coming from iMO1058 

is greater as it contains 129 reactions, while the one derived from iJP815 is composed of 

97 reactions. The intersection of both sets contains about seventy reactions. The remaining 

reactions are prevalently not present in the other model. The relationships between all the 

subsets are shown in Tables 1 and 3, and Figure 9. 

3.2 Model driven reannotations 

The reconstruction process systematizes the knowledge about the metabolism of an 

organism, allowing the identification of errors in, and discrepancies between, various 

sources of data. 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, homology searches, and gap closures. During the reconstruction efforts, a 

number of genes was discovered that appear to have been improperly annotated in 

biological databases (Pseudomonas Genome Database, KEGG, NCBI). These mis-

annotations arose due to lack of information at the time of the original annotations or 

because the knowledge that was available in the literature but had been overlooked in the 

original annotation. In a number of other cases, the model building process has also 

generated new hypotheses for gene functions. The full list of re-annotations suggested by 

the reconstruction processes are shown in Tables 5 and 6. 

In some cases a function could be assigned to a gene with currently undefined 

function. For example, the previously uncharacterized conserved hypothetical protein 

PA4457 was identified as an arabinose-5-phosphate isomerase gene (kdsD), which was 

lacking in the original P. aeruginosa annotation. Gap analysis revealed a need for the 
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Table 5: Reannotations suggested during the reconstructions of iMO1058. Column explanation: C – 

current annotation confidence, PC – proposed annotation confidence. A in the “Reference” means 

analysis of the sequence homology and genomic context information. 

Gene 

locus C Old annotation New annotation PC 

Refe-

rence 

PA0143 1 
Nonspecifc ribo-
nucleoside hydrolase 

Purine nucleosidase (adenosine), 
purine nucleosidase (inosine); EC: 
3.2.2.1 1 (100) 

PA0215 3 Probable transporter Malonate transport TC: 2.A.70.1.1 2 (213) 
PA0216 3 Probable transporter Malonate transport TC: 2.A.70.1.1 2 (213) 

PA0313 3 
 Probable permease of 
ABC transporter, 

L-Cysteine transport via ABC 
system – permease 3 (128) 

PA0314 3 

Probable binding 
protein component 
of ABC transporter 

L-Cysteine transport via ABC 
system – binding protein 3 (128) 

PA0761 2 
L-Aspartate oxidase; 
EC:1.4.3.16 

L-Aspartate oxidase 
(aerobic/anaerobic); EC: 1.4.3.16 2 

(53, 
76) 

PA0794 3 
probable aconitate 
hydratase 

2-methylisocitrate dehydratase; 
EC: 4.2.1.99 2 A 

PA1004 2 
L-Aspartate oxidase; 
EC:1.4.3.16 

L-Aspartate oxidase 
(aerobic/anaerobic); EC: 1.4.3.16 2 (53) 

PA1514 4 
Conserved hypothetical 
protein 

Ureidoglycolate hydrolase; EC: 
3.5.3.19 3 (100) 

PA1684 3 Probable oxidase 

1,2-Dihydroxy-3-keto-5-
methyltiopentene dioxygenase; 
EC: 1.13.11.54, 1.13.11.53 2 (83) 

PA1818 3 
Probable Orn/Arg/Lys 
decarboxylase 

Orn/Arg/Lys decarboxylase; EC: 
4.1.1.18 2 (77) 

PA2080 4 Hypothetical protein Kynureninase; EC: 3.7.1.3 1 (196) 

PA2366 4 
Conserved hypothetical 
protein Uricase; EC: 1.7.3.3 2 (100) 

PA2385 1 PvdQ 

3-Oxo-C12-homoserine lactone 
acylase, C4-homoserine lactone 
acylase 1 (100) 

PA2579 4 Hypothetical protein 

L-Tryptophan:oxygen 2,3- 
oxidoreductase (decyclizing); EC: 
1.13.11.11 1 (69) 

PA3004 3 
Probable nucleoside 
phosphorylase 

5'-Methylthioadenosine 
phosphorylase; EC: 2.4.2.28 1 (227) 

PA3169 3 
Probable initiation 
factor 2 subunit 

5-Methylthioribose-1-phosphate 
isomerase; EC: 5.3.1.23 2 (227) 

PA4425 3 

Probable 
phosphoheptose 
isomerase 

Sedoheptulose 7-phosphate 
isomerase; EC 2 (135) 

PA4457 4 

Conserved 
hypothetical 
protein 

Arabinose-5-phosphate 
isomerase: 5.3.1.13 2 A 

PA5175 2 CysQ protein 
3',5'-bisphosphate nucleotidase; 
EC: 3.1.3.7 2 A 
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production of D-arabinose-5-phosphate in the iMO1058 network to enable synthesis 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 P. aeruginosa 

(88). A series of BLAST searches in the non-redundant NCBI database revealed that 

PA4457 (thus far annotated as a gene coding for a hypothetical protein) had 79% identity 

over a length of 326 amino acids to the protein KdsD carried by Pseudomonas fluorescens 

Pf-5 (score, 501; E-value, 3·10-130). KdsD is an arabinose-5-phosphate isomerase, the 

enzyme that catalyzes the interconversion of D-arabinose 5-phosphate and D-ribulose 5-

phosphate (38). This reannotation and its subsequent incorporation into the model enabled 

iMO1058 to grow in silico. 

The change or refinement of the assigned functionality is much more frequent type of 

reannotation. Here closing of an unlikely gap in the L-lysine degradation pathway that was 

identified during the reconstruction process in the P. putida metabolic network can serve as 

the next example. Extensive literature search and careful re-annotation has provided 

considerable evidence that the genes PP0382 and PP5257, currently annotated as ‘carbon-

hydrogen hydrolase family protein’ and ‘oxidoreductase, FAD binding’ respectively, most 

probably code for a ‘5-aminopentamidase’ and ‘L-pipecolate oxidase’, respectively (204). 

Another example of reannotation that involved a change of already assigned function 

is the propanoate degradation pathway in iJP815. In the iJP815pre2 version this pathway 

was complete except for one enzymatic activity, namely the 2-methylisocitrate 

dehydratase. Analysis of the enzymes flanking this reaction showed that all of them are 

encoded by genes immediately adjacent to the ORF PP2330. The inspection of this region 

of the genome revealed that PP2336 is annotated as “aconitate hydratase, putative”, 

although the flanking genes are responsible for degradation of propanoate. The analysis of 

the sequence with BLAST revealed a homology of more than 99% over the whole length 

of the protein with the 2-methylisocitrate dehydratase from other bacteria, such as other 

strains of P. putida (GB-1, W619), Burkholderia prymatum STM 815, Burkholderia 

multivorans ATCC 17616, Pseudomonas aeruginosa PA7, and Stenotrophomonas 

maltophilia R551-3. Consequently the gene was re-annotated to code for this function and 

the gap in propanoate degradation pathway was thus closed by addition of the 

corresponding GPR. Exactly the same problem was identified in P. aeruginosa, where the 

functionality of 2-methylisocitrate dehydratase was missing too and where ORF PA0794 

originally also annotated as aconitate hydratase was located next to the genes involved in 

propanoate metabolism. The PP2336 and PA0794 showed very high homology (86% of 
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identical amino acids), thus the activity of 2-methylisocitrate dehydratase was also 

assigned to PA0794 and the gap in iMO1058 closed. 

An example of annotation refinement in iMO1058 is the gene mtnP (PA3004), which 

was annotated in Pseudomonas Genome Database as a “probable nucleoside 

phosphorylase” but was subsequently found in the literature to have the specific function 

of a 5’-methylthioadenosine phosphorylase (57). The mtnP gene was first identified (57)  

through detailed sequence analysis, and then its function was confirmed (57) by knocking 

out mtnP in a metZ strain of P. aeruginosa and observing a loss of growth on minimal 

medium supplemented with methionine, homocysteine, or methylthioadenosine (57). mtnP 

is necessary for the function of the methionine salvage pathway in P. aeruginosa and was 

previously characterized in the literature but not in the P. aeruginosa annotation, and its 

inclusion in iMO1058 is an example of how the manual reconstruction process can benefit 

annotation efforts in a way that would not be immediately obvious from automatic model 

building. In this case, the reconstruction process led to identification of a reaction that was 

necessary for the pathway to function but which would have been difficult to pinpoint 

without a rational model building approach. 

In a number of cases, the discrepancies between various databases were identified, as 

in the case of PP5029, which is annotated in KEGG as ‘forminminoglutamase’ but in 

NCBI as ‘N-formylglutamate deformylase’. The analysis of network gaps, genomic 

context and sequence homology provided a strong indication that ‘N-formylglutamate 

deformylase’ is the correct annotation. In many other cases the re-annotation meant 

changing the substrate specificity of the enzyme (which corresponds to changing the last 

part of the EC number). These were mainly identified by BLASTing the protein against 

protein sequences of other microbes and, whenever available, the suggestions were cross-

checked with primary research publications.  

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

iMO1058pre2 was unable to produce biomass in the absence of oxygen. It was discovered 

through gap analysis that the inability of iMO1058 to grow without oxygen was due to the 

oxygen consumption of the enzyme L-aspartate oxidase (NadB), which catalyzes the first 

step in the production of NAD. 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 the absence of elemental oxygen in vivo (17). In the network 

reconstruction, an alternate reaction stoichiometry was included for NadB that had been 

suggested previously (17), and thus the oxygen requirement for growth was eliminated. 
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Despite this literature analysis, however, it is noteworthy that knocking out nadB is not 

lethal for P. aeruginosa in vivo (10). This result suggests that another pathway for NAD 

biosynthesis likely exists. More detailed biochemical study is necessary to determine if 

Table 6: Reannotations suggested during iJP815 reconstruction A in the “Reference” means analysis of 

the sequence homology and genomic context information. 

 

Gene Old annotation New annotation Reference 

PP0213 succinate-semialdehyde 
dehydrogenase; EC:1.2.1.16 

glutarate-semialdehyde; 
dehydrogenase EC 1.2.1.20 

(204)

PP0214 4-aminobutyrate aminotransferase; 
EC:2.6.1.19, EC:2.6.1.22 

5-aminovalerate transaminase; 
EC 2.6.1.48 

(204)

PP0382 carbon-nitrogen hydrolase family 
protein 

5-aminopentanamidase; EC 
3.5.1.30 

(204)

PP0383 tryptophan 2-monooxygenase, 
putative 

lysine 2-monooxygenase; EC 
1.13.12.2 

(204)

PP2336 aconitate hydratase, putative; 
EC:4.2.1.3 

2-methylisocitrate 
dehydratase; EC 4.2.1.99 

A

PP2432 oxygen-insensitive NAD(P)H 
nitroreductase; EC:1.-.-.- 

6,7-dihydropteridine 
reductase; EC 1.5.1.34 

A

PP3591 malate dehydrogenase, putative; 
EC:1.1.1.37 

Delta1-piperideine-2-
carboxylate reductase; EC 
1.5.1.21 

(204)

PP4066 enoyl-CoA hydratase, putative; 
EC:4.2.1.17 

methylglutaconyl-CoA 
hydratase; EC 4.2.1.18 

(105)

PP4065 3-methylcrotonyl-CoA carboxylase, 
beta subunit, putative 
EC:6.4.1.3 

methylcrotonoyl-CoA 
carboxylase; EC 6.4.1.4 

(105)

PP4067 acetyl-CoA carboxylase, biotin 
carboxylase, putative; EC:6.4.1.3 

methylcrotonoyl-CoA 
carboxylase; EC 6.4.1.4 

(105, 260)

PP4223 diaminobutyrate-2-oxoglutarate 
transaminase; EC:2.6.1.76 

putrescine aminotransferase; 
EC 2.6.1.82 

A

PP4481 acetylornithine aminotransferase; 
EC:2.6.1.11 

succinylornithine 
transaminase; EC 2.6.1.81 

A

PP5029 formiminoglutamase; EC:3.5.3.8 N-formylglutamate 
deformylase; EC 3.5.1.68 

A

PP5036 atrazine chlorohydrolase N-formylglutamate 
deformylase; EC 3.5.1.68 

A

PP5257 oxidoreductase, FAD-binding L-pipecolate oxidase; EC 
1.5.3.7 

(204)

PP5258 aldehyde dehydrogenase family 
protein; EC:1.2.1.3 

L-aminoadipate-semialdehyde 
dehydrogenase; EC 1.2.1.31 

(204, 227)
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there is another anaerobic path for NAD synthesis in P. aeruginosa and whether NadB can 

truly function in the absence of oxygen.  

Gap analysis was also used to refine the stoichiometry and directionality of several 

reactions that were incorrect or vague in online databases. For instance, the reaction 

catalyzed by the electron transport enzyme NADPH-quinone oxidoreductase (PA4975; EC 

1.6.5.5) was found upon analysis of free ATP production to be necessarily irreversible, 

despite its being listed as reversible in the EXPASY database (19). Such network 

refinements would be difficult to systematize without a genome-scale model that accounts 

for the interdependency of reactions and metabolites. 

3.3 Model assessment and extension through high-throughput 

phenotyping assays 

A high-throughput BIOLOGTM phenotypic assay was performed on both organisms to 

validate and extend the models. In this assay, the bacteria were tested for their ability to 

oxidize 95 carbon substrates in minimal medium. The ability to growth with the evaluated 

compound was assumed to be the in silico analogue of the in vivo oxidation process. These 

two properties are in most, but not all, cases equivalent to each other, as the ability to 

growth implies the ability to oxidize. The results of these comparisons were used to extend 

the reconstructions as described in the methods section 2.3. 

Both bacteria oxidized in vivo a similar number of compounds (46 P. aeruginosa, 47 – 

P. putida) and there was quite a high overlap between both organisms (38 compounds). 

Neither of the models contained all the compounds that were tested in the BIOLOG assay. 

There are a few reasons for that. First, there may be no reaction in the metabolic network 

of an organism that a particular compound takes part in. Second, as the models are by far 

still incomplete, appropriate reactions have not been included into the model, though they 

are part of the metabolic network. Additionally, there are many enzymes with broad 

specificity, for which the range of metabolized compounds has not been fully explored yet.  

 

3.3.1 Evaluating and extending Pseudomonas aeruginosa reconstruction 

P. aeruginosa was able to utilize 43 out of 95 tested compounds, whereas utilization of 

L-leucine was at the borderline (see Table 7 and Appendix 5). Although the result of the 

assay for L-Phenylalanine was negative it was assumed that the metabolite can be used, as 
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experimental evidence exists that the bacterium can use it as sole carbon source (91). 

iMO1058pre2 accounted for 45 compounds tested in the assay. Thirty one out of these 

substances were utilized in vivo. The in silico growth was possible on 25 out of the forty 

five substances included in the model.  Except of L-threonine, all the compounds that 

showed in silico growth were true positives (compounds enabling growth in silico that 

were also utilized in the experimental assay). Among the twenty compounds, which not 

enabled the in silico growth thirteen were true negatives (compounds not utilized in the 

BIOLOG assay that did not enable the in silico growth) and seven were false negatives 

(compounds utilized in the BIOLOG assay that did not enable the in silico growth). 

It was observed that for sixteen of the compounds that iMO1058 accounted for, there 

is no transport reaction that can translocate the compound inside the cell. The six out of 

seven false negatives belonged to this set. In order to evaluate how the lack of the 

transporters influences the growth predictions, the intracellular pools of these sixteen 

compounds were allowed to be exchanged with the environment (which is equal to adding 

a simple translocation reaction for each of the compounds) and the growth simulations 

were repeated. This procedure showed that eleven additional compounds can possibly 

support the growth. Four of these compounds were also utilized in the in vivo assay, 

showing that transport reactions for them have to be added to the model (whereas their 

mechanisms still have to be identified). For the remaining seven of these ten compounds it 

was shown that the most probable reason of the lack of their in vivo utilization is the 

absence of the transporter. Out of the six compounds that could not be used as sole carbon 

source, even when they were provided intracellularly, two still showed the utilization in the 

BIOLOG (false negatives). One of them is formate. This can be an example when the 

approximation of the in vivo utilization by the in silico growth might have lead to 

disagreement between the results. There is no evidence that P. aeruginosa is able to grow 

on single-carbon compounds, whereas there exists formate oxidase which can convert 

formate to carbon dioxide and water yielding energy from that process. Phenylacetate is 

the other false negative, the research through literature, yielded no results that could 

explain the metabolism of this compound. 

iMO1058pre2 did not accounted for forty nine of the ninety five compounds tested in 

BIOLOG assay. Thirteen of them however were utilized in the assay and this showed the 

next area, after the above mentioned false negatives, in which models needed extension. 
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The thirteen compounds that were positive in the BIOLOG assay, but for which the 

iMO1058pre2 did not account were closely inspected. Two of them were antifoam 

substances Tween 20 and Tween 40. These were excluded from further analysis, as their 

chemical formula in not well-defined. The next two were methyl esters of the compounds 

known to be utilized. This is a proof of presence of esterases in P. aeruginosa, their 

incorporation is, however, out of the scope of this initial reconstruction. For five of the 

remaining nine compounds pathways for their utilization could be found. In some cases it 

was sufficient to add one reaction. This pertains to N-acetyl-D-glucosamine for which a 

PTS transport system had to be added, cis-aconitate for which the citrate isomerase 

reaction had to be split into two subreactions, and quinate, for which a dehydrogenase had 

to be added. For propanoate and hydroxy-L-proline whole pathways had to be completed. 

The final version of the P. aeruginosa model was able to grow on 33 substances out of 

42 that were utilized in the BIOLOG assay, for 8 of them the mechanism of the 

translocation into the cell is still to be elucidated. The comparison with BIOLOG assay 

showed that the metabolic network of P. aeruginosa, was largely reconstructed and, 

subsequently, contributed to further refinement of the reconstructed network. 

 

3.3.2 Evaluating and extending Pseudomonas Putida reconstruction 

P. putida was able to oxidize in vivo 45 compounds. Additionally two other 

compounds were assumed to be utilized (L-phenylalanine and L-threonine) despite of a 

negative BIOLOG result, as they had been previously shown to be growth substrates (119) 

Table 7. Summary of the comparison of iMO1058 with the results of the BIOLOG assay (values in 

brackets pertain only to compounds included in the respective reconstruction version) 

Compounds tested 95

Utilized compounds 44

Reconstruction version iMO1058
pre2 

iMO1058 

Tested compounds included in the model 45 50

Utilized compounds included in the model 31 36

Compound supply Ext Int Ext Int 

True positives 24 28 25 33

True negatives 50 (13) 43(6) 50(13) 42(5)

False positives 1 8 1 9

False negatives 20(7) 16(3) 19(10) 11(3)
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and that was confirmed experimentally (data not shown). The forty seven out of the 95 

carbon sources tested were accounted for in iJP815pre2 and thus the BIOLOG data were 

compared with FBA simulations of iJP815 grown on in silico minimal medium with the 

respective compound as sole carbon source (see Table 8 and Appendix 6). 

The initial working version of the model (iJP815pre2) was able to simulate growth on 

14 of the 47 BIOLOG-assayed compounds as sole carbon sources. This version of the 

reconstruction contained only a few transport reactions, prompting a try to identify the 

compounds that could not be utilized in silico simply due to the lack of a transporter. This 

was achieved by allowing the intracellular pool of each compound of interest to be in silico 

exchanged with environment, and by repeating growth experiments with the modified 

reconstruction. This approach increased the number of utilizable substances to 34 but also 

produced six false-positives (i.e. substances that support in silico growth, but which gave a 

negative phenotype in the BIOLOG assay). These included three metabolites involved in 

central metabolic pathways (D-glucose 1-phosphate, D-glucose 6-phosphate and glycerol-

3-phosphate), an intermediate of the L-histidine metabolism pathway (urocanate), an 

intermediate of branched amino acids biosynthesis (2-oxobutanoate), and the storage 

compound glycogen. This analysis suggests that the inability of P. putida to utilize these 

compounds in vivo is likely due to the lack of appropriate transport machinery. 

The final P. putida model (iJP815) grew on 39 of the compounds tested in the 

BIOLOG assay. Of these, 33 were true positives. The mode of utilization of the remaining 

fourteen in vivo oxidized compounds (i.e., false negatives) could not be elucidated. 

Table 8: Summary of the comparison of iJP815 with the results of the BIOLOG assay(values in 

brackets pertain only to compounds included in the respective reconstruction version) 

Compounds tested 95

Utilized compounds 47

Reconstruction version iJP815
pre2 

iJP815 

Tested compounds included in the model 47 51

Utilized compounds included in the model 33 37

Compound supply Ext Int Ext Int 

True positives 14 28 23 33

True negatives 48 (14) 42 (8) 48(14) 42 (8)

False positives 0 6 0 6

False negatives 33 (19) 19 (5) 24(14) 14 (4)

4
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Similarly to P. aeruginosa, both Tween substances and Pyruvic Acid Methyl Esther were 

among them. There are also transport reactions lacking for ten utilized compounds, as 

nothing is known about their translocation into the cell. Nevertheless, the comparisons with 

the BIOLOG assay indicate that the core metabolism of P. putida has been properly 

reconstructed. 

3.4 Comparison of growth yield predictions with experimental 

values and estimation of maintenance values 

After completing the reconstruction, it was assessed whether the models were capable 

of predicting the growth yield of the respective bacterium a basic property of the modeled 

organism. The in silico predictions were compared with experimental continuous culture 

data. If the in silico yield were lower than the experimental, it would indicate that the 

network may lack important reactions that influence the efficiency of conversion of carbon 

source into biomass constituents and/or energy.  

The in silico growth yield is influenced not only by the structure of the metabolic 

network, but also by other factors including biomass composition and the growth-

associated and non-growth-associated energy maintenance factors (GAM and NGAM), the 

values of which represent the energy costs to the cell of “living” and “growing”, 

respectively (259). The latter values can be estimated from the experimentally measured 

values of maximal growth yield and maintenance. 

3.4.1 Estimation of maintenance values for iMO1058 

The in silico growth yield of iMO1058 was compared with continuous culture 

experimental data obtained from two literature sources (40, 262), in which the maximal 

yield and maintenance were determined, when the bacterium was grown on minimal 

medium with glucose as the carbon and energy source (in (262) the medium contained also 

supplement of yield extract). Although the procedures for determination of these values 

differed between these works, the determined values, however, did not diverged by more 

than ten percent. Basing on these results the maximal yield and maintenance were assumed 

to be 88.2 gDW·molGlc
-1 and 0.16 mmolGlc·gDW

-1h-1, respectively.  

The in silico growth yield of iMO1058 was 103 gDW·molGlc
-1, when neither GAM nor 

NGAM were taken into account. This is much higher than the above mentioned, maximal 

yield, and as such does not give any reasons to assume that some important reactions are 
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missing in iMO1058. Basing on the experimental maximal yield value the GAM was 

estimated to be about 35 mmolATP·gDW
-1, which is almost three times more than it was 

assumed for the E. coli model (13 mmolATP·gDW
-1). Conversely, the NGAM was estimated 

from the experimental maintenance to amount to 3.26 mmolATP·gDW
-1·h-1 which is slightly 

more than two times than assumed for E. coli (7.6 mmolATP·gDW
-1·h-1). These values are still 

within the reasonable limits. 

3.4.2 Comparison of the in silico and in vivo growth yields of P. aeruginosa in 

anaerobic conditions 

P. aeruginosa is also known for its ability to grow anaerobically when the nitrate is 

provided as the electron acceptor. The energy is then produced by converting the nitrate 

into nitrite and/or nitrous oxide. During the reconstruction process a special effort was 

made to complete the pathway responsible for that process and iMO1058 is able to grow 

anaerobically when the nitrate is provided. The growth yields predicted for anaerobic 

growth were compared with experimental data taken from the works of Chen et al (40) and 

van Hartingsveldt et al (254). Chen et al reported the yield values in continuous culture for 

anaerobic growth on glucose varied between 32 and 58 gDW·molGlc
-1 for the dilution rates 

between 0.026 and 0.13 h-1. The in silico yield on glucose for this range of dilution rates 

was about 69 gDW·molGlc
-1. It should be however noted that the variations of the 

experimental yields were caused by some unidentified limitation, as the bacteria were not 

able to use all the provided glucose, which originally was intended to be the limiting 

factor. Van Hartingsveldt el al measured growth yields under anaerobic conditions in 

minimal medium with succinate as the sole carbon and energy source. The maximal in 

silico yield for these conditions when the succinate is provided as carbon source totaled to 

33 gDW·molSucc
-1, while the value of 23 gDW·molSucc

-1 was reported by Hartingsveldt et al. 

Concurrently, the growth yield under aerobic conditions was reported to be 40 

gDW·molSucc
-1 while the maximal in silico yield for the same conditions was measured to be 

46 gDW·molSucc
-1. In both cases, the differences between the experimental and in silico 

values were partly caused by the fact that these values are maximal yields whereas the 

experimental ones come from a batch culture. The ratios of anaerobic to aerobic yields for 

both experimental and in silico values show that the nitrate respiration seems to be too 

efficient in iMO1058. It is also worth noting that the small difference between the 

experimental and in silico values under aerobic conditions shows that the substrate 
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dependency of maintenance values is rather not high and the values obtained for one 

carbon source can be used to simulate growth on some other (maintenance values were 

computed from experiments where glucose was used as a carbon source). 

3.4.3 Comparison of the in vivo and in silico growth yields of P. putida 

As the reliable maximal yield and maintenance values could not be found in the 

literature, a slightly different approach was used. The growth yields on carbon were 

compared with experimental data from continuous culture of Duetz et al (59). The GAM 

and NGAM values were approximated with those used in the E. coli model (201, 259). The 

calculated in silico yield (0.61 gDW·gC
-1) was higher than the experimental one (0.47 

gDW·gC
-1), indicating that, first, there is no reasons to suspect that any important reaction is 

missing; second, either the maintenance values are too low or some of the processes 

reconstructed in the network might be unrealistically efficient or P. putida may be 

diverting resources into other processes not accounted for in the model. The influence of 

the model parameters that were taken from other organism, namely biomass composition 

and maintenance values, on the growth rate is evaluated in the next section. 

Additionally, the growth yields of P. putida on sole sources of three other important 

elements – Nitrogen (N), Phosphorous (P), and Sulfur (S) – were computed and compared 

with published experimental data 

from the same work of Duetz et 

al. As the authors of this work 

do not report these yields they 

were computed from cell 

densities in appropriate 

cultivations (chemostat cultures 

in which certain element limited 

the growth) and the 

concentration of an element source in the medium, assuming that the entire source had 

been consumed by the bacteria. The results are shown Table 9. Since biomass composition 

can play a large role in the efficiency of the in silico usage of basic elements, this analysis 

can aid in assessing how well the biomass equation, which is equal to the E. coli biomass 

reaction, reproduces the true biomass composition of P. putida. The yield on nitrogen 

differed only by 10% between in silico and in vivo experiments, which suggests that the 

associated metabolic network for nitrogen metabolism is well characterized in iJP815. The 

Table 9: Yields on basic elements in iJP815 and comaprison 

with experimental values 

Limiting element Yield – 

experimental 

Yield – model 

C 0.47 0.61 

N 5.74 6.67 

P 84.95 34.92 

S 268.75 130.18 
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yields on phosphorous and sulfur, however, differed more than a factor of two between the 

in vivo and in silico analyses, suggesting that there may be significant differences between 

the biomass requirements and the metabolic networks of P. putida and E. coli for these 

components. The differences in yields, however, may be also caused by the change of the 

in vivo biomass composition, which decreases the fraction of compounds containing the 

limited element, when compared to the biomass composition while the bacterium is grown 

under carbon-limitation. Such changes 

were observed experimentally in P. putida 

for nitrogen and phosphate limitations 

(31). These results indicate that the 

dependence between growth conditions 

and biomass composition requires more 

thorough analysis. 

3.4.4 Analysis of influence of iJP815 

parameters on the growth 

yield predictions 

The in silico growth yield is 

influenced not only by the structure of the metabolic network, but also by other factors 

including biomass composition and the growth-associated and non-growth-associated 

energy maintenance factors (GAM and NGAM), the values of which represent the energy 

costs to the cell of “living” and “growing”, respectively (259). Therefore, since both the 

biomass composition and the GAM/NGAM values were taken from the E. coli model (201, 

259), due to a lack of organism-specific experimental information, the influence of these 

factors on the predicted the growth yield was evaluated. 

3.4.4.1 Influence of biomass composition 

First, the effects of changes in the ratios of biomass components on the iJP815 growth 

yield were analyzed. These analyses indicated that varying any single biomass constituent 

by 20% up or down has less than 1% effect on the growth yield of P. putida (Figure 10). 

Although it is still possible that some components of P. putida biomass are not present in 

E. coli or vice versa, it can be concluded that the use of E. coli biomass composition in the 

 
Figure 10: Influence of biomass composition on the 

growth yield; each bar corresponds to single 

modified biomass equation 
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P. putida model is a justified assumption for the purpose of this application and is probably 

not a great contributor to the error in the predictions of growth yield. 

3.4.4.2 Influence of NGAM and GAM 

Subsequently, the effects of changes in the GAM on the in silico growth yield were 

tested (Figure 11). It was found that if GAM has the same order of magnitude as the value 

used in the E. coli model (13 [mmolATP·gDW
-1), its influence is not significant, as increasing 

or decreasing it twofold changes the growth yield by about 5%. A higher GAM value for 

P. putida than E. coli could contribute to the discrepancy between the experimental 

measurements and in silico predictions, but it could not be the only factor unless the E. coli 

and P. putida values differ more than threefold, which is unlikely . 

Finally, effects of changes in the NGAM on in silico – growth yield were analyzed. 

The NGAM—growth dependency is influenced by the rate of carbon source supply, and 

thus, indirectly, by the growth rate. When the carbon intake flux is slow as in the case of 

the experiments Duetz et al (the dilution rate was of 0.05h-1), the fraction of energy it 

burned for maintenance purposes is high and so is the influence of the NGAM value on the 

growth yield (Figure 11A). Therefore, under those conditions a twofold increase of the 

NGAM value can decrease the growth yield by about 30%. This leads to the conclusion 

that the main cause for the discrepancy between in vivo and in silico growth yields is the 

fact that the NGAM value might be higher in P. putida than in E. coli. The Figure 11A 

indicates that setting the NGAM to the value of 12 [mmolATP·gDW
-1·h-1] would reduce the 

in silico growth yield to match the experimental values. Consequently this NGAM value 

was used in subsequent FBA and FVA simulations. When the carbon source supply is high 

Figure 11: Influence of NGAM and GAM on the growth yield: (A) low carbon supply, (B) high carbon 

supply 
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(Figure 11B) the influence of NGAM on the growth yield is reduced and the influences of 

NGAM and GAM values are comparable. 

It should be noted further that while FBA predicts the optimal growth yield, few 

cellular systems operate at full efficiency. Bacteria tend to “waste” or redirect energy if it 

is abundant (207), leading to a lower-than-optimal in vivo growth yield. It is also worth 

mentioning that maintenance values may depend on the carbon source used (99) and on 

environmental conditions (73, 112, 147).  

 

3.5 Analysis of blocked reactions: the quest for completeness 

As described above both models contain unconditionally (i.e. not dependent on 

external sources) blocked reactions (that is, reactions unable to function because not all 

connections are made). The presence of this kind of reactions is an indication that there are 

still some connections in the metabolic network that the reconstruction does not account 

for and therefore the blocked reactions are worth of more in-depth analysis 

The unconditionally blocked reactions constitute 33% and 28% for iJP815 and 

iMO1058, respectively. In previously published genome-scale metabolic reconstructions, 

the fraction of blocked reactions varies between 10 and 70 percent (36). Blocked reactions 

occur in reconstructions mostly due to knowledge gaps in the metabolic pathways. 

Accordingly, the blocked-reactions set can be divided into major two groups; (1) reactions 

with no connection to the set of non-blocked reactions, and (2) reactions that are either 

directly or indirectly connected to the operating core of the respective model. The first 

group of reactions consists of members of incomplete pathways. It can be assumed that 

with increasing knowledge and further model refinement, these reactions will gradually 

become connected to the core. This subset comprises 108 reactions (37% of blocked 

reaction set) for P. putida model and 65 reactions (27%) for P. aeruginosa model.  

The second group of reactions comprises also members of incomplete pathways, but 

many of them belong to pathways that are complete but that lack an “input” or “output”. 

The lack of the input in the case of pathways means that there is no transport reaction that 

translocates the compound that is the first element of the pathway into the cell. Examples 

of such pathways are the degradation of fatty acids and of propanoate in the iJP815. The 

lack of the output may take double form. One can be, analogically to pathways missing the 

input, the lack of transporter pumping the final product out of the cell. The other occurs for 
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compounds whose production is required only in certain environmental conditions, e.g. 

under solvent stress or during some certain stage of infection, and as such are not included 

in generic biomass equation. Pathways synthesizing compounds that are not included in the 

biomass equation, but which are likely conditionally required include the synthesis of 

thiamine, various porphyrins and terpenoids. In iMO1058 most of the pathways 

synthesizing compounds related to infection, such as Rhamnolipids, B-band of LPS or 

pyocyanine, belong to this group as their production is required only in certain 

environmental conditions. In this case, reactions involved exclusively in the production of 

such compounds would be blocked, if there are no alternative outlets to those pathways. 

Allowing a non-zero flux through these reactions would require inclusion of the 

conditional biomass constituents into the biomass, which in turn would require having 

various biomass equations for various conditions. This level of detail, however, is beyond 

the scope of this initial metabolic reconstructions and their investigation. In any case, the 

high number of blocked reactions clearly indicates that there are still vast areas in which 

the models can be refined. 

The analysis of the similarities between the subsets of blocked reactions in both 

models shows that about 90 reactions are common for the both sets, which makes between 

31 and 37% of each set. This is lower than the overall fraction of common reactions, 

suggesting that the differences between these organisms are located prevalently in the parts 

of their metabolic networks, which still require investigation. Among these 90 reactions the 

ratio of the ones connected to the operating core to the not-connected ones is around 1:2, 

which is similar to the ratio within complete blocked sets. 

3.6 Robustness analysis – identification of essential reactions and 

genes 

To assess the robustness of the metabolic networks to genetic perturbations (e.g. 

knock-out mutations), an in-silico analysis of the essentiality of single genes and reactions 

was carried out, which enabled the identification of the most fragile nodes of both the 

iJP815 and iMO1058 networks. These analyses were performed for in silico minimal 

medium, as, in contrast to complex or full media, its composition is well defined and thus 

does not introduce additional uncertainty. Each analysis was performed in twice with either 

glucose or acetate as the sole carbon source. These two substances are representatives of 

two distinctive groups of carbon sources, namely fermentative (glucose) and non-
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fermentative (acetate). Their metabolism differs in the usage of the pathways from the 

central metabolism (Glycolysis, Pentose Phosphate Pathway and Entner-Doudoroff 

Pathway). The former uses them in the degradative, while the latter in the opposite 

direction. Since both these modes may differ in their robustness, it is of interest to evaluate 

it. 

Reaction essentiality simulations were performed by systematically removing each 

reaction from the network and by assessing the ability of the model to produce biomass in 

silico via FBA. Gene essentiality was assessed by: i) identifying for each gene the 

operability of the reaction(s) dependent on this gene, ii) constraining the flux of the 

reactions rendered inoperative by the deletion of that particular gene to zero, and iii) 

determining the ability of the model to produce biomass in the same manner as for the 

reaction essentiality tests. Additionally, the smallest possible sets of reactions able to 

sustain in silico growth were estimated for both carbon sources and for both of the models 

(altogether four sets), in order to estimate how many reactions are necessary for biomass 

synthesis in the minimal medium. A minimal set encompasses all essential reactions and 

the minimal number of non-essential reactions that together are able to provide in silico 

growth (see Figure 12) and can be used as a reference for identifying of sections of 

metabolism for which alternative pathways exist, as they are pinpointed by non-essential 

reactions belonging to the minimal reaction set. The results of these analyses are 

summarized in Table 10. 

Table 10. Summary of the essentiality analysis of iMO1058 and iJP815 

iMO1058 iJP815  
Glucose Acetate Glucose Acetate 

Minimal set size 308 307 315 318
Number of essential reactions  224 241 259 274
Number of essential genes 165 179 144 159
Number of essential reactions 

catalyzed by more than one isozyme

42 45 77 83

Number of gene non-associated 

essential reactions 

7 9 26 27
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3.6.1 Assessing the essentiality of the reactions – identification of vulnerable nodes 

in the metabolic network 

3.6.1.1 Essential reactions in iMO1058 

The sizes of minimal sets for glucose and acetate conditions differed only by one 

reaction and summed up to 308 and 307 reactions, respectively. This estimate is consistent 

with values obtained for other bacteria (176). The minimal sets could support growth yield 

of 0.0082 gDW·molGlc
-1 and 0.0085 gDW·molAct

-1, respectively. This constitutes the 10 and 38 

percent of the growth yield that can be attained with full models. The low yield of glucose 

conditions was a consequence of the fact that three quarters of carbon atoms was secreted 

in form of 2-oxoglutarate, so the de facto yield is about four times higher. The essential 

reactions sets showed greater, but still moderate difference, as their sizes were of 224 and 

241 reactions respectively. Both essential sets contained about ten reactions (exactly 7 and 

9 for glucose and acetate conditions, respectively) to which no gene was assigned, but they 

were identified during the reconstruction process, as being required for growth, what is 

now confirmed by their essentiality.  

3.6.1.2 Essential reactions in iJP815 

The results obtained for iJP815 did not differ substantially, when comparing the sizes of 

particular sets, from those yielded by iMO1058. Both the minimal and essential sets were 

slightly greater than in P. aeruginosa. For glucose and acetate, the minimal sets 

encompassed 315 and 318 reactions, respectively. The sets of essential reactions consisted 

of 259 and 274 reactions for glucose and 

acetate conditions, respectively, which 

constitute 82 and 86 percent of the 

minimal set. These essential sets 

contained also non-gene associated 

reactions, their number was, however, 

higher as in iMO1058, as it amounted to 

26 and 27 for glucose and acetate 

conditions, respectively. The minimal sets 

were able to support growth yields of 
Figure 12. Explanation of minimal and essential 

sets on the example of iJP815 growing on glucose 



Results 

61 

0.0696 gDW·mmolGlc
-1 and 0.0082 gDW·mmolAct

-1, for glucose and acetate conditions 

respectively (80 and 44 percent of values obtained with full models). 

3.6.1.3 Comparison of minimal and essential reaction sets between both organisms 

Closer inspection of both minimal and essential reaction sets showed that, although the 

reactions belonging to them are exclusively members of the intersection of iMO1058 and 

iJP815, there is no full overlap between both minimal and essential reaction sets. The 

intersections between the essential reaction sets cover about 85% of each essential set.  

The fact that each essential gene set constitutes more than 80% of respective minimal 

set shows that most of the crucial metabolic routes are not duplicated at the level of the 

structure of metabolic network. The set of essential reactions under glucose conditions is a 

subset of that under acetate, suggesting that the growth on glucose is more resistant to 

perturbations (as the smaller number of essential reactions means less fragility points in the 

network). The reactions belonging exclusively to the latter are mostly members of 

glyconeogenic pathway, with ATP synthase and the reactions constituting the glyoxylate 

shunt and acetate transport being the exceptions. The inessentiality of ATP synthase under 

glucose and essentiality of the glyoxylate shunt under acetate conditions are not surprising 

as similar effects have been reported in E. coli (116, 137, 265). 

The reactions belonging to the non-essential part of the minimal set, are mostly 

members of central metabolic pathways (PPP, TCA cycle and Pyruvate metabolism), 

which emphasizes the importance of these pathways for the operation of the metabolism 

and agrees with observations made in other bacteria (74). 

3.6.2 Gene essentiality analysis – identification of redundantly catalyzed nodes 

The metabolic robustness of an organism upon perturbations may also be provided at 

the genetic level through genes coding for isozymes. Data on gene and reaction essentiality 

provide together insights into this phenomenon.  

The number of essential genes in iMO1058 amounted to 165 and 179 for glucose and 

acetate conditions, respectively. The set of genes essential for growth on glucose is a 

superset of the set of the essential genes for the growth on acetate. More than forty of the 

indentified essential reactions were catalyzed by two or more isozymes. 

The number of essential genes calculated in P. putida adds up to 144 and 159 for 

glucose and acetate conditions, respectively. Here also the set of genes essential under 

glucose conditions was a subset of the genes essential when the acetate was the sole carbon 
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source. In comparison with iMO1058, the number of essential transformations possessing 

two or more isozymes was almost twice higher as is amounted to values of 77 for glucose 

and of 83 for acetate conditions.  

For both organisms the values may seem low when compared to the size of the set of 

the essential reactions, it must be noted, however, that each essential reaction set contains 

some number of non gene-associated reactions. Knowing the genes the products of which 

are responsible for these reactions would increase substantially the number of essential 

genes. The more important factor influencing the number of essential genes is the presence 

of isozymes, which renders between 10 and 20 percent of essential reactions being backed-

up at the genetic level.  In contrast to the non-essential reactions that belong to the 

respective minimal set, these are assigned to various pathways related to metabolism of 

important cellular compounds, being spread throughout the entire metabolic network. 

Altogether, these results indicate that for about 30-40% of the reactions required to produce 

biomass, there are alternative at either the genetic or the metabolic network level. The sets 

of essential genes were compared using the mapping table that was created as described in 

methods section 2.5.5. This comparison showed that both models have about 100 common 

essential genes. 

Except of assessing robustness of the metabolic network, this analysis pinpoints also 

the limitations of possible interventions aiming at reshaping the flux distributions, because 

these can be applied only to reactions that are not essential (since the inactivation of an 

essential reaction yields a lethal phenotype). Identification of reactions catalyzed by 

multiple enzymes shows which reactions may be best avoided when planning mutational 

strategies as their inactivation may pose additional technical problems, by requiring 

producing multiple knock-outs. 

3.7 Flux Variability Analysis – assessing the network flexibility 

Previous section dealt with the problem of the robustness of the metabolic network. 

Flexibility is another important factor that can be used to assess the properties of the 

metabolic network. By flexibility it is meant here the ability to achieve the same or very 

similar objective values (usually growth yield) using different combinations of fluxes. 

Mathematically it corresponds to the property of being underdetermined. Constraint-based 

metabolic networks of biological organisms exhibit this properly quite often (27, 146). 

Biologically it means that the organism is able to reroute the flow of the matter via 
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alternative parts of the metabolic network if the primary route is blocked, without big 

penalty on the growth. One of the methods that allow for the assessment of the flexibility is 

Flux Variability Analysis (FVA) approach. For each in silico organism both optimal and 

suboptimal FVAs were performed, using the same conditions as described in paragraph 3.6 

(minimal medium with glucose or acetate). In the outcome of these analyses one can 

observe five different behaviors, according to which the reactions were divided into five 

groups: (1) reactions with no flux, (2) reactions with non-variable non-zero flux, (3) 

reactions in which flux can vary, but cannot be zero, (4) reactions that can have a zero flux, 

and (5) reactions that can operate reversibly, i.e., that can have positive, negative, or zero 

flux (only reversible reactions may belong to this group).  

Analysis of the sizes of the groups, presented in Figure 13, indicated that the zero-flux 

reactions (group 1) constitute in all the cases the biggest group, reaching 47 percent of 

reactions in the network. This is to great extent the consequence of the high number of the 

“unconditionally blocked” reactions in the both models (289 and 244 for iJP815 and 

iMO1058, respectively). A significant difference can be observed for this group between 

optimal and suboptimal analyses. This is due to the fact that this group created from the 

results of an optimal analysis contains, apart from “unconditionally blocked” reactions, 

reactions blocked due to the limits imposed on the metabolic network (about 60 and 80 

reactions for iJ8239 and iMO1058, respectively) and reactions with negative influence on 

the objective (growth yield; 20-60 reactions). A group created from a suboptimal analysis 

contains only the first two subgroups.  

A non-variable non-zero group (group 2) is always empty if it was created from a sub-

optimal analysis. This is an obvious consequence of allowed variability of the growth yield 

in sub-optimal case. This group contains the reactions belonging to pathways that do not 

Figure 13.  FVA analysis, compsrison of sizes of the variability groups in (A) iMO1058 and (B) iJP815 
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have any alternative with equal efficiency. The next group (group 3), when it is created 

from an optimal analysis, is composed of reactions that take part in multiple processes, part 

of which, but not all, can be substituted by some other that operate with the same 

efficiency. When it is created from sub-optimal analysis it contains part of the reactions 

that belong to groups 2 and 3 in optimal analysis. It is worth noting that the set of essential 

reactions identified in the previous section is a subset of group 3 created from sub-optimal 

analysis. The fourth and fifth groups contain reactions that can be substituted by some 

others, with equal or similar efficiency.  

 

Table 11: Variability of pathways in iJP815 

  

Fraction of variable reactions  

(group 4 and 5) 

Pathway 

Number of 

reactions Glucose

Glucose – 

sub-optimal Acetate 

Acetate – 

sub-optimal

Lysine degradation 18 0.89 1 0.89 1
Valine, leucine and isoleucine 
degradation 20 0.85 0.9 0.85 0.9
Propanoate metabolism 10 0.8 0.9 0.8 0.9
Butanoate metabolism 12 0.58 0.92 0.58 0.83
Arginine and proline metabolism 20 0.55 0.7 0.55 0.7
Purine metabolism 44 0.55 0.57 0.48 0.57
Citrate cycle (TCA cycle) 11 0.55 0.91 0.45 0.55
Pyruvate metabolism 17 0.53 0.71 0.47 0.59
Glutamate metabolism 17 0.47 0.53 0.47 0.53
Folate biosynthesis 15 0.47 0.53 0.47 0.53
Glycolysis / Gluconeogenesis 11 0.45 0.64 0.45 0.45
Histidine metabolism 13 0.38 0.38 0.38 0.38
One carbon pool by folate 11 0.36 0.45 0.36 0.45
Glyoxylate and dicarboxylate 
metabolism 14 0.36 0.79 0.36 0.43
Pentose phosphate pathway 12 0.33 0.83 0.5 0.8
Alanine and aspartate 
metabolism 16 0.31 0.38 0.31 0.38
Phenylalanine, tyrosine and 
tryptophan biosynthesis 21 0.29 0.38 0.29 0.38
Carbon fixation 14 0.29 0.57 0.21 0.43
Pyrimidine metabolism 24 0.21 0.29 0.21 0.29
Glycine, serine and threonine 
metabolism 14 0.14 0.43 0.14 0.43
Urea cycle and metabolism of 
amino groups 16 0.13 0.44 0.13 0.44
Lysine biosynthesis 13 0.08 0.08 0.08 0.08
Valine, leucine and isoleucine 
biosynthesis 14 0 0 0 0
Lipopolysaccharide biosynthesis 15 0 0 0 0
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The inter-model comparison of the respective values suggests that both in silico 

organisms follow similar pattern, with some differences, however. First, the fraction of 

flexible reactions (groups 3-5) is higher in iMO1058 while the fraction of non-flexible 

reactions is higher in iJP815. Second the difference between the fractions of flexible 

reactions between optimal and suboptimal simulations is much higher in the case of iJP815 

than iMO1058. This would suggest that the flux space able to provide growth yield with 

the efficiency equal to the optimal is greater in iMO1058 than in iJP815. 

Comparison of acetate and glucose simulations shows that growth on glucose allows 

for higher flexibility of the metabolic network, as the sizes of the fourth and the fifth group 

are greater in these conditions, while the remaining groups are smaller. This difference is 

much more apparent in iMO1058, while being insignificant in iJP815. 

 

 

Table 12: Variability of pathways in iMO1058 

 
Fraction of variable reactions 

 (group 4 and 5) 

Pathway 
Number of 

reactions

Glu-

cose

Glucose –

sub-optimal Acetate 
Acetate –

sub-optimal

Aromatic compound catabolism 12 1 1 0 1
Pentose Phosphate Cycle 11 0.18 0.91 0.5 0.9
Pentose phosphate cycle 11 0.18 0.91 0.5 0.9
Transport, Extracellular 49 0.82 0.88 0.77 0.85
Glycolysis/Gluconeogenesis 16 0.38 0.81 0.33 0.33
Salvage Pathways 31 0.68 0.74 0.68 0.74
Spermidine Metabolism 21 0.48 0.71 0.45 0.71
Arginine, Putriscine, and 
Spermidine Metabolism 20 0.45 0.7 0.45 0.7
Oxidative phosphorylation 14 0.57 0.64 0.5 0.5
Alternate Carbon Metabolism 11 0.64 0.64 0.5 0.6
Purine and Pyrimidine 
Biosynthesis 21 0.19 0.24 0.14 0.24
Lipopolysaccharide biosynthesis  32 0.07 0.22 0.07 0.22
Lipopolysaccharide biosynthesis, 
Lipid A  13 0.15 0.15 0.15 0.15
Cell Envelope Biosynthesis 21 0.05 0.14 0 0.14
Threonine and Lysine 
Metabolism 14 0.14 0.14 0.14 0.14
Fatty acid biosynthesis (path 1) 16 0.06 0.13 0.06 0.13
Fatty acid biosynthesis 20 0.05 0.1 0.05 0.1
Branched Chain Amino Acid 
Biosynthesis 12 0.08 0.08 0.08 0.08
Aromatic Amino Acids 15 0 0.07 0 0.07
Lipopolysaccharide biosynthesis, 
core 14 0 0 0 0
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In addition, the distribution of the flexibility among pathways was assessed. In the 

Tables 11 and 12, pathways are rank-order for both iJP815 and iMO1058 by the fraction of 

reactions in each of them which fluxes are variable during FVA simulations (i.e., reactions 

belonging to groups 4 or 5). As the pathway assignments are reconstruction method-

dependent, it is hard to compare both organisms directly. In iJP815 reactions were assigned 

to pathways by mapping the model to KEGG reactions and assigning KEGG pathways 

identifications to all model reactions, for which a KEGG reaction could be identified. The 

analysis was performed only for KEGG pathways that shared at least ten reactions with 

iJP815. In iMO1058 pathways assignments from the Simpheny software were used. There 

exists no obvious pattern regarding the variability of reactions in different pathways, 

although, in both models, it appears that in either model biosynthetic pathways show 

higher rigidity.  

3.8 Identification of coupled reactions using Flux Coupling Finder 

(FCF) – identification of rigid modules within the metabolic 

network 

A further measure to ascertain the network flexibility is the assessment of pairwise 

couplings between the reactions via Flux Coupling Finder (FCF). FCF is similar to extreme 

pathway (EP) and elementary mode (EM) approaches in that it lends insight into the 

functional relationships between reactions in a network, but its computational requirements 

are much lower and therefore it is applicable to large genome-scale models. 

As flux couplings in the metabolic network depend on in silico availability of external 

metabolites, FCF analysis was performed for both minimal medium conditions with both 

glucose and acetate as the sole carbon sources. FCF analysis was performed both treating 

biomass constituents as independent sinks and treating biomass as a complete reaction 

equal to the properly weighted sum of all biomass components (as described previously) 

(36). For each of the organisms its respective biomass equation was used. 

When looking at the numbers of reactions involved in the sets of fully and/or partially 

coupled reactions (CoSets), the major difference is between the organisms, as in iMO1058 

the number of reactions involved oscillates between 350 and 365, whereas it is between 

422 and 465 for iJP815. This corresponds to about 70 and 90 percent of non-blocked 

reactions for iMO1058 and iJP815, respectively.  
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The differences between the carbon sources are insignificant for each of the 

organisms, while the organisms diverge with regard to differences between fixed biomass 

and independent sink of its constituents. In iJP815 the difference of reactions involved 

when the biomass is fixed, is about ten percent higher than when its constituents are sinked 

independently, while in iMO1058 there is no difference between these two set-ups. This 

may have to do with another difference between these organisms, which is the size of the 

biggest CoSet, which is the set of reactions coupled to the biomass production. In 

iMO1058 its size is around 120 reactions, while in iJP815 it reaches 180 reactions. 

The average size of the CoSets varied between 3 and 5 depending on the conditions 

and organism (see Figure 14 and Table 13). In principle, the average size of the CoSet is 

larger in iMO1058 than in iJP815. This becomes apparent, when the biomass is not fixed 

(in the other case this effect is shadowed by the large size of biomass-coupled CoSet). The 

number of CoSets is, in contrary, higher in iJP815.  

Fixing biomass influences also both the average size and the number of CoSets. While 

the former is higher, when the biomass is fixed, the latter is then lower. This should be 

Table 13. Summary of FCF analysis of iMO1058 and iJP815. Columns explanation: F – Biomass fixed, 

NF – Biomass not fixed 

iMO1058 iJP815 

Glucose Acetate Glucose Acetate 

 

F NF F NF F NF F NF 

Nuumber of coupled 

reactions 

364 355 359 350 462 422 465 425

Mean CoSet size  4.92 4.23 5.06 4.32 4.86 3.58 5.17 3.73
Biomass CoSet size 119 N/A 119 N/A 185 N/A 185 N/A
Mean CoSet size (not 

including the biomass 

CoSet) 

3.36 N/A 3.43 N/A 2.95 N/A 3.15 N/A

Figure 14. Comparison of numbers of CoSets of various size in (A) iMO1058 and (B) iJP815 
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expected, when the size of biomass-coupled CoSet is taken into account. The growth 

conditions had the least influence on the size and the number of CoSets, while acetate 

conditions still being characterized by slightly higher average size and minimally lower 

number of CoSets. 

It is worth noting that the reactions coupled in any way (fully, partially or 

directionally) to biomass build the set of reactions essential for growth that was identified 

by other means earlier in this work.  

3.9 How P. putida allocates its resources: evaluating the 

prediction of internal flux distributions 

The distribution of reaction fluxes throughout the central pathways of carbon 

metabolism was predicted and compared to the simulations to internal fluxes computed 

from experimentally obtained 13C data. As the adequate experimental data can be found 

only for P. putida the comparisons were done only for this organism. 

3.9.1 Optimal FVA 

As it was already mentioned, genome-scale metabolic networks are usually 

algebraically underdetermined (27, 146). As a consequence, the optimal growth rate can be 

attained through flux distributions different than the single optimal solution predicted by 

FBA simulations. Therefore FVA was used to explore the network, as this method provides 

the intervals inside which the flux can vary without influencing the value of the growth 

yield (if the flux of the reaction cannot vary then the range is limited to a single value). The 

results of the simulations are given in Figure 15. 

 Figure 15 shows that the predictions (in red) generally agree well with the 

measurements (in green) throughout the network, as most of the 13C values fall within the 

FVA intervals, where intervals were predicted, or both values are close to each other (in 

absolute values), when a single value was predicted. As P.  putida lacks 

phosphofructokinase, glucose can only be converted to pyruvate (the entry metabolite of 

TCA cycle) via the pentose phosphate (PP) or the Entner-Doudoroff (ED) pathways. The 

ED pathway is energetically more efficient and the 13C measurements indicate that 

KT2440 uses it preferentially over the PP pathway. Therefore, the FVA yields locally single 

flux values rather than intervals, which reflects the relative rigidity of this part of the 

network. In contrast, the energy generating part of the central metabolic network (the TCA 
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Figure 15: Comparison of FVA results with 
13

C flux data 
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cycle and its vicinity) exhibits greater flexibility, as illustrated by the broad flux intervals. 

Firstly, the conversion of phosphoenolpyruvate into pyruvate can proceed either directly or 

via oxaloacetate, although the bacterium appears to use the direct route (the 13C-model 

assumes, in fact, only the direct route). Secondly, the conversion of malate to oxaloacetate 

may also occur directly or via pyruvate. The 13C flux measurements indicate that the 

bacterium uses the indirect route although, according to the FVA, this is energetically less 

efficient than the direct one. Interestingly, the model suggests also that the glyoxylate shunt 

could be used interchangeably with full TCA-cycle without any penalty on growth yield. 

However, as the glyoxylate shunt is inactivated in many bacterial species via catabolite 

repression upon glucose growth (47), it is possible that this alternative is not used in 

P. putida.  

 

Despite the general agreement between in silico predictions and measurement, there 

are a number of discrepancies, however. For instance, the 13C-experiments suggest that the 

bacterium utilizes the portion of glycolysis between triose-3-phosphate and D-fructose-6-

phosphate in the gluconeogenic direction, which is not energetically optimal and as such is 

not captured in standard FBA (or FVA) simulations. This illustrates one of the possible 

pitfalls of the FBA approach, which per definition assumes perfect optimality, despite the 

fact that microorganisms might not necessarily allocate their resources towards the 

optimization function assumed in analysis, and in some cases may not operate optimally at 

all (219, 223, 247). Another group of differences concentrates around the pentose 

phosphate pathway (PPP), although these are relatively minor, and are likely due to 

differences in the quantities of sugars diverted toward biomass in the 13C model vs. iJP815. 

A third group of differences revolves around pyruvate and oxaloacetate, whereby the in 

vivo conversion of malate to oxaloacetate shuttles through a pyruvate intermediate rather 

than directly converting between the two. The last area where discrepancies exist between 

in silico and 13C data is in the TCA cycle, around which the flux is lower in FVA 

simulations than in the experiment. This suggests that the in silico energetic requirements 

for growth (maintenance values) are still too low when compared to in vivo ones, as the 

main purpose of the TCA cycle is energy production. 

3.9.2 Sub-optimal FVA 

To investigate further these differences, a suboptimal FVA was carried out (Figure 15, 

blue values), allowing the production of biomass to range between 90 and 100% of its 
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Figure 16: Comparison of FVA results with 
13

C flux data, alternative structure f the metabolic 

network used 
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maximum value. In this suboptimal FVA experiment, the 13C-derived fluxes fall between 

FVA intervals for every flux value in the 13C network. The results show that, in principle, 

the bacterium can use all the alternatives described above and that the penalty on the 

growth yield is minimal. While this analysis validates the FVA simulation results, the large 

breadth of the intervals (as indicated by the fact that the mean of ratios of interval width to 

its mean value exceeds three), suggests that the (mathematical) underdetermination of the 

central metabolism can be quite high. Basically, this means that there are multiple sub-

optimal solutions across the network and that is thus difficult to predict exact internal flux 

and to pinpoint a particular solution. This reflects the essence of constraint-based modeling 

and FBA in particular, which provides only a space of possible flux distributions and not 

exact values. Therefore, deductions from results of FBA simulations have to be made with 

great care. This underscores the notion that constraint-based modeling should be seen more 

as navigation framework to probe and explore networks rather than as an exact predictive 

tool of cellular metabolism. 

It was assessed whether the full couplings are able to limit the ranges of flux ratio 

values used to compare with 13C experiments by coupling appropriate FVA ranges with 

each other. There are, nevertheless, no couplings among reactions involved in computation 

of these ratios. 

3.9.3 Use of the alternative network model. 

As noted in the methods section the metabolic network used in the experimental work 

differed in few points from the metabolic reconstruction. All above mentioned 

computations were performed using the network structure stored in iJP815. To complete 

the comparisons, the metabolic network of iJP815 was modified to comply with 

assumptions made in the metabolic network used in the 13C study and performed FVA in 

the same way as for the unmodified network of iJP815. The results are depicted in the 

Figure 16. The differences in predictions of attainable flux values, when compared with 

unmodified network, pertain mainly to reactions that were directly affected by the network 

modification. The only important difference is partial inactivation of the glyoxylate shunt 

in optimal FVA predictions showing that the equality of yield between glyoxylate shunt 

and TCA cycle depends on one of the removed or modified reactions. In the suboptimal 

FVA the glyoxylate shunt could be fully activated again, showing that the network 

modification did not lead to its full inactivation, but rather slightly decreased its energetic 

yield. 
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3.10 Influence of biomass composition on the central metabolic 

fluxes 

The influence of the biomass composition on the fluxes of the central metabolism was 

evaluated using the alternate biomass composition created in section 3.4.4.1. In this 

analysis flux ratios were used, which are the direct outcomes of 13C experiments (75) to 

compare in silico ratio values directly with experimental measurements. For each flux ratio 

the mean and standard deviation of both minimal and maximal possible value were 

estimated. The values were then plotted against each other and against experimentally 

defined flux ratios (see Figure 17A). The same procedure was followed for suboptimal 

FVA (Figure 17B). The spread between the means is a function of the network structure 

whereas the standard deviations show the influence of the biomass composition on the flux 

ratio itself. As these deviations were small for all flux ratios, this suggests that variations in 

biomass composition do not have significant impact on central metabolic fluxes. The 

experimental flux ratio values either fell between the minimal and maximal values or did 

not differ much from them. In the two cases where the experimental values did not fall 

between minimum and maximum the difference between the border of the in silico interval 

and the experimental value was very small. The upper and lower borders of the interval for 

the “Serine from glycolysis” ratio both fell below zero (as it is a ratio they both should be 

between zero and one). This suggested that in the reconstruction there existed one or more 

reactions contributing to production or consumption of L-serine and that were not included 

in the computed ratio. Computing flux ratio ranges from sub-optimal FVA results yielded 

far broader intervals in most cases, although the standard deviations were still small. On 

the other hand there are more values that fell out of the zero-one interval suggesting again 

that there more reactions existed producing or consuming the compound for which the 

particular flux ratio was computed, than those used to compute the ratio. The broad 

spreading between the corresponding minima and maxima is an additional indication that 

the prediction of internal fluxes with FBA may lead to false results. 
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3.11 Use high-throughput data to further constrain iJP815 

The results of microarray experiments were used to evaluate how helpful the ‘omics’ 

data can be in refining the predictions supplied by the constraint-based models. As there is 

no clear way to compute maximal possible fluxes from gene abundances, the analysis was 

limited to identifying not-expressed genes, and identifying, via the GPRs, reactions that 

cannot be catalyzed due to lack of appropriate enzymes. This was performed for two 

distinctive sets of microarray experiments (see the methods section 2.2.6; they will be 

called “toluene” and “mutant”, throughout the section). The number of absent genes that 

were also included into iJP815, amounted to 214 and 188 genes, for mutant and toluene 

experiments, respectively. One hundred thirty genes were at the intersection of these two 

sets. The differences both in the total number of absent genes and the genes that were 

absent may be caused by a combination of a few reasons. The first is the fact that the 

experiments were performed on slightly strains that may differ in the operation of the 

metabolism. The second is the difference in the design of the experiments. The inherent 

variability of the microarray experiments can be the last of them. 

First, the genes identified as absent, were compared with those that are in silico 

essential for the growth conditions used in the microarray experiment (minimal medium 

with glucose). In principle,  there should be no overlap between the two sets. It was not the 

case, however. The size of intersection of essential set and the absent set was 20 and 10 for 

the mutant and toluene sets, respectively. Table 14 lists in silico essential genes that were 

identified to be absent. This information could serve as a mean to refine the model, as it 

Figure 17: Influence of biomass composition of the flux ratios, comparison of experimental and in 

silico flux ratio values. 
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suggests that there is either an alternative pathway or isozyme for the investigated gene, 

but it needs better confirmation to exclude the possibility that it is an experimental artifact. 

Table 14: Genes assumed to be absent in microarray experiments, that are essential in iJP815 

Absent in experiment 
Locus ID Mutant Toluene 

Blocked 

reaction ID Blocked reaction name 

PP1750 * * IR00318 
L-Aspartate:L-glutamine amido-ligase 
(AMP-forming) 

PP1900 * * IR02524 

ATP:2,3,2',3'-tetrakis(3-
hydroxytetradecanoyl)-D-glucosaminyl-
beta-D-1,6-glucosaminyl-beta-
phosphate 4-O'-phosphotransferase 

PP4266 * * RR03512 
AMP:pyrophosphate 
phosphoribosyltransferase 

PP0514 * * IR04297 
diaminohydroxyphosphoribosylamino-
pryrimidine deaminase 

PP0514 * * IR06374 

5-Amino-6-(5-
phosphoribitylamino)uracil:NADP+ 1'-
oxidoreductase (R) 

PP0530 *  IR09375 
3,4 Dihydroxy-2-butanone-4-phosphate 
synthase 

PP0786 *  IR04369 thioredoxin reductase  
PP1815 *  IR00616 Orotidine-5'-phosphate carboxy-lyase 

PP1902 * * IR01933 
CTP:3-deoxy-D-manno-octulosonate 
cytidylyltransferase 

PP2329 *  IR00947 Chorismate:L-glutamine amido-ligase 

PP2902 * * IR02494 

UDP-2,3-bis(3-
hydroxytetradecanoyl)glucosamine 
diphosphatase 

PP3254 *  IR03651 
Methylthioadenosine 
methylthioribohydrolase 

PP3378 *  IR03695 
ATP:2-dehydro-3-deoxy-D-gluconate 6-
phosphotransferase 

PP3378 *  IR09308 2-keto-gluconokinase 

PP5132 * * RR00592 
5,6,7,8-Tetrahydrofolate:NADP+ 
oxidoreductase 

PP5409 *  IR00461 
L-Glutamine:D-fructose-6-phosphate 
aminotransferase (hexoseisomerizing) 

PP0631 * * IR00094 
ATP:dephospho-CoA 3'-
phosphotransferase 

PP1601 *  IR04257 
UDP-3-O-(3-hydroxy-
myristoyl)glucosamine acyltransferase  

PP2012 *  IR00074 ATP:NAD+ 2'-phosphotransferase 

PP4869 * * IR00123 
Deamido-NAD+:L-glutamine amido-
ligase (AMP-forming) 

PP5291 *  RR01048 
Orotidine-5'-phosphate:pyrophosphate 
phosphoribosyltransferase 

PP5296 *  RR00171 ATP:(d)GMP phosphotransferase 
PP5150  * RR00681 D-Ribose-5-phosphate ketol-isomerase 
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Approximately, one hundred ten reactions that were not active were identified via 

GPRs for both sets. More than half of the reactions to inactivate, however, were blocked 

either unconditionally or due to the growth conditions, so their blocking had not direct 

impact of the model. Less than fifty reactions that are able to take non-zero flux could be 

blocked. In the both sets there were also two reactions essential for growth that have to be 

removed. This gives next indication where the model should be refined. After applying the 

limitations from the mutant set, the model was not able to reproduce growth. This was due 

to concurrent blocking of two reactions (ornithine decarboxylase and urea 

amidohydrolase). One of them had to be 

unblocked. Additionally in this set the 

NADH dehydrogenase was blocked. 

This reduced the growth yield 

considerably. Closer investigation of 

this case showed that this is due to the 

absence of one member of the NADH 

dehydrogenase complex (PP4129). The 

inspection of the expression values 

proved that the gene was assumed to be 

absent though having comparable 

expression levels to the other members of the complex. It was assumed that this is a mis-

identification and the reaction was reactivated. After imposing the constraints the growth 

yield virtually did not differ from the value achieved with unconstrained model. This 

shows that none of the important pathways was blocked. 

To evaluate how the introduction of the additional constraints influenced the flexibility 

of the network FVA analysis was performed (see section 3.7). The results are shown in 

Figure 18. The numbers of reactions assigned to the different classes indicate that the 

metabolic network of iJP815 becomes more rigid, as the size of classes four and five 

dropped by about one fifth and one third in the case of optimal and, suboptimal FVA, 

respectively. The differences in FVA outcome between the networks constrained with data 

from either microarray experiments were small, whether still the mutant data caused that 

slightly fewer reaction could be assigned to variability groups 4 and 5 (this may be due to 

higher number that were blocked). This analysis shows that the microarray data can not 

only constrain the flux space of the model, but also are the next source of information that 

can be used for the model refinement.  

Figure 18. FVA analysis, comparison of sizes of 

the variability groups iJP815 cinstrained with 

transcriptomic data. 
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Figure 19: Comparison of FVA simulations constrained with mutant experiments, with 
13

C 

measurements 
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Figure 20: Comparison of FVA simulations constrained with toluene experiments, with 

13
C 

measurements 
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One of the possible positive effects of constraining the flux space with the microarray 

data could be the refinement of the flux predictions. To assess whether this is the case 

under experimental conditions given, the predictions of internal fluxes were compared with 
13C-flux measurement data, as done in the section 3.9. The analysis of values shown in the 

Figures 19 and 20, indicates that although the agreement between the experimental and in 

silico values was not strikingly increased, some interesting effects can be observed.  

The flux values obtained with the model constrained with the “mutant” data are 

virtually identical to those obtained with the unconstrained model (Figure 20). Fluxes 

obtained by constraining the model with data coming from toluene experiment differ in 

few places from values obtained with unconstrained model (Figure 19). Surprisingly, the 

predicted intervals for the reactions at which the differences to the unconstrained model 

occur, are usually narrower than in unconstrained model, although in this experiment less 

reactions have been blocked. The experimental values are still within (or very close to) 

these narrower intervals, making such a constrained model more exact, when it comes to 

prediction of fluxes. This shows that constraining the stoichiometric models with high-

throughput data may be a promising technique to increase their accuracy, although this 

requires more in-depth analysis and evaluation. It has to be noted that a substantial part of 

the regulation may take place on the posttranscriptional level. It was already observed in 

E. coli and S. cerevisiae that central metabolic pathways are rarely regulated exclusively at 

the transcriptional level. Other effects such as allostery or kinetic limitations play also an 

important role here. 

3.12 Prediction of auxotrophic mutations in P. putida and iJP815 

refinement. 

Gene knock-out predictions were tested with a set of P. putida auxotrophic mutant 

strains that are incapable of growth on minimal medium with acetate as the sole carbon 

source (202). First it was compared whether the corresponding in silico mutants followed 

the same behavior (lack of growth on minimal medium with acetate, where zero biomass 

flux during FBA corresponded to a no-growth phenotype). This comparison was performed 

only for those knocked-out genes that are included in iJP815. Thirty-eight out of the 51 

strains tested did not grow in silico (Table 15). Of the remaining 13 false positives (i.e. 

those growing in silico but not in vivo), four (PP1470-1, PP4679-80) are mutated in genes 

considered non-essential in silico due to a “weakly annotated” gene putatively encoding 
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redundant isozymes. In the case of PP5185 (coding for N-acetylglutamate synthase), its 

essentiality is removed by PP1346 (coding for bifunctional ornithine acetyltransferase/N-

acetylglutamate synthase protein), which is not only an isozyme of PP5185 (the N-

acetylglutamate synthase function) but which also catalyses a reaction (ornithine 

acetyltransferase) that produces N-acetyl-L-glutamate (the product of N-acetylglutamate 

synthase) and thus renders the activity of PP5185 redundant. It appears either that this is a 

mis-annotation or the enzyme is utilized only under different conditions. In addition, 

PP0897 (fumC) seems to have two paralogues (PP0944, PP1755) coding for isozymes of 

fumarate hydratase, but, since the mutant of PP0897 does not grow in minimal medium, 

they are either non functional in these conditions or mis-annotated. The enzyme complex 

that is composed of proteins expressed from the genes knocked-out in the next two false 

positives (PP4188, PP 4189) catalyzes the decarboxylation of alpha-ketoglutarate to 

succinyl-CoA in the TCA cycle, concurrently producing succinyl-CoA for anabolic 

purposes. In the model, this functionality is not needed as this part of the TCA cycle can be 

circumvented by the glyoxylate shunt, whereas succinyl-CoA can be produced by reverse 

operation of succinate-CoA ligase. Restricting this reaction to be irreversible renders both 

genes essential. This altogether suggests that either the succinate-CoA ligase is irreversible 

or the glyoxylate shunt is inactive. The latter solution is, however, impossible, due to the 

essentiality of the glyoxylate shunt. The next false positive (PP4782) is involved in 

thiamine biosynthesis. This cofactor is not included in the biomass, which is why the gene 

is not in silico essential. This suggests thus that the in-silico P. putida biomass reaction 

should be enriched with this cofactor. The remaining false positives (PP1768, PP4909, 

PP5155) are involved in the serine biosynthesis pathway. It was found experimentally that 

mutants in these genes can grow on acetate if the medium also contains L-serine (results 

not shown). These genes can be rendered in silico essential, by setting glycine 

hydroxymethyltransferase to operate only unidirectionally from L-serine to glycine. The 

operation of this enzyme, however, is required for growth of the bacterium on glycine, 

which is possible; though very slow (results not shown). One of these genes (PP5155) has 

also a weakly annotated isozyme (PP2335). In addition, several of the mutants (PP1612, 

PP4188-9, PP4191-4) were found out to grow in silico on glucose, which was later 

confirmed experimentally (results not shown). Altogether, these experimental results 

assisted in improving the accuracy of the model. 
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Albeit limited to a relatively small mutant set, this analysis shows that while 

constraint-based models are not always able to predict exact flux values, they are very 

useful in the identification of essential reactions and, through the GPRs, the genes 

responsible for their catalysis. This enables identification of vulnerable points in the 

metabolic network. 

3.13 Prediction of essential genes in full medium by iMO1058 

In contrary to P. putida, P. aeruginosa disposes of two genome-scale transposon 

mutant studies, which identify genes essential for the growth of the bacterium. The list of 

genes essential in both studies was compared with the list of genes predicted to be essential 

for in silico growth of iMO1058. (114, 142). This overlapping data set was chosen because 

it has a higher confidence value for gene essentiality than the candidate essentials from 

either transposon study individually, since the inclusion of two transposon studies increases 

coverage of the P. aeruginosa genome and thus reduces the number of genes erroneously 

labeled essential. The set of in vivo essentials includes all genes in the P. aeruginosa 

genome for which a viable mutant could not be generated. In silico gene essentiality 

predictions for iMO1058 were calculated in the Simpheny platform via FBA as previously 

described (123). The difference to the essentiality study presented already in the section 

Table 15: Growth of the in silico knock-outs in iJP815 on the minimal medium 

Gene/ 

Strain 

In silico 

growth on 

acetate 

Gene/ 

Strain 

In silico 

growth on 

acetate 

Gene/ 

Strain 

In silico 

growth on 

acetate 

PP0083 no PP1471 yes PP4700 no 
PP0184 no PP1612 no PP4715 no 
PP0289 no PP1665 no PP4723 no 
PP0290 no PP1768 yes PP4724 no 
PP0292 no PP1815 no PP4725 no 
PP0293 no PP2000 no PP4782 yes 
PP0417 no PP2371 no PP4823 no 
PP0787 no PP4188 yes PP4909 yes 
PP0897 yes PP4189 yes PP4998 no 
PP0965 no PP4191 no PP5097 no 
PP0966 no PP4192 no PP5128 no 
PP0967 no PP4193 no PP5155 yes 
PP1025 no PP4194 no PP5185 yes 
PP1037 no PP4678 no PP5289 no 
PP1086 yes PP4679 yes PP5291 no 
PP1088 no PP4680 yes PP5335 no 
PP1470 yes PP4699 no PP5336 no 
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3.6.2 is that this one was performed under growth conditions in a full medium. Genes in 

the in vivo essential set but not in the iMO1058 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 this essentiality analysis. The total accuracy of 

essentiality predictions was 85% (Figure 21A). This accuracy is comparable to the 94% 

accuracy achieved in a recent reconstruction of Bacillus subtilis, which also used a 

genome-scale knockout set for model validation (173). Of genes in the iMO1058 

reconstruction, in silico essentiality predictions matched in vivo essentiality for 41% of in 

vivo essential genes and 91% of in vivo nonessential genes (Figure 21A). Although the 

total accuracy of predictions is significant, these discrepancies (particularly in matching in 

vivo essentiality) deserve further discussion (as follows) and can serve as a collection of 

hypotheses that can subsequently be tested. First, it is informative to note the functions of 

genes that mismatched between the in silico and in vivo essentiality predictions. Figure 

21B, C, D and E show the functional distribution of genes in iMO1058 that are 

nonessential in vivo and in silico (true-negative results), essential in vivo and in silico (true 

positive results), essential in silico but not in vivo (false-positive results), and essential in 

vivo but not in silico (false-negative results), respectively. A simple analysis of these 

figures can explain much of the discrepancy. For instance, among the false-negative set, 10 

genes encode tRNA synthetases. These synthetases catalyze the formation of aminoacyl-

tRNAs in preparation for protein synthesis. These reactions were included in iMO1058 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 (although the tRNAs are gaps in the sense that they 

cannot participate in metabolic pathways in the iMO1058 model, and they were included in 

the reconstruction because they represent genes with known enzymatic functions). 

Considering these 10 reactions to be non-metabolic and removing them from iMO1058 

would improve the match between the in silico essential gene set and the set of in vivo 

essential genes in iMO1058 from 41% to 44%. Vitamin and cofactor synthesis genes make 

up the largest number of genes in both the false-positive and false-negative categories 

Figure 21D and E), and they make up the second largest number of genes in the true-

positive category as well (Figure 21C). The high discrepancy between in silico and in vivo 

predictions of essentiality for vitamin and cofactor synthesis genes might be due in part to 

uncertainty about the vitamin and cofactor content of the LB medium on which the 

transposon mutants were grown. Since only trace amounts of vitamins are required for cell 

survival, it is possible that some essential vitamins were present at low concentrations in 
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the LB medium but were not accounted for in the in silico LB medium. This is especially 

relevant considering previous analyses of yeast extract composition, which showed a high 

variance in vitamin concentration between extracts from different manufacturers (173). 

Furthermore, since the iMO1058 biomass reaction was based on that of E. coli, it is 

possible that nutritional differences between the two bacteria contribute to errant 

predictions about P. aeruginosa vitamin and cofactor essentiality. It is therefore likely that 

growth experiments on better defined media will be particularly helpful in elucidating the 

true essentiality of genes in vitamin and cofactor synthesis pathways. Second, it is 

important that the in vivo gene essentiality predictions from the transposon mutant sets are 

not completely accurate in assessing gene essentiality. An example of a gene that was 

predicted to be essential in vivo despite in actuality being a nonessential gene is PA0555, 

encoding the enzyme fructose-1,6-biphosphate aldolase (FBPA). This gene was classified 

as essential in vivo because transposon mutants with a disrupted FBPA gene were not 

identified in either P. aeruginosa transposon study, but previous literature shows that the 

FBPA knockout is not lethal for PAO1 (13). FBPA was correctly predicted to be 

nonessential in the in silico data set. The in vivo P. aeruginosa transposon studies used in 

this analysis discuss the possibility of errors in their candidate essential gene sets, and it 

was suggested in one of the studies that the number of candidate essential genes in that 

study (678 in total) may overestimate the true number of essential genes by 40 to 50%  

(114). This overestimate prediction was based on an analysis of the number of ORFs that 

would likely escape transposon mutagenesis, assuming that all base pairs have equal 

susceptibility to transposon insertion, including essential genes. Due to its higher coverage 

of the P. aeruginosa genome, the set of overlapping essentials from the two P. aeruginosa 

studies should have a higher confidence than that for candidate essentials from either study 

alone, but the combined transposon set yields an in vivo candidate essential set that is 

reduced in size by only 34 genes, which does not nearly approximate the 40 to 50% 

discrepancy suggested (114). Hence, some of the mismatches between the in vivo 

essentials and the in silico essentials are likely due to overestimation of gene essentiality in 

the in vivo studies, which would translate into false-negative results in the in silico 

predictions of essentiality. Additionally, in one of the transposon studies used in this 

analysis (142), transposons were reported to likely disrupt genes downstream within an 
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operon, but in the other study (114), an outward-facing neomycin phosphotransferase 

promoter was inserted as part of the transposon in an attempt to reduce the disruption of 

downstream genes. It is somewhat unclear from the study, however, how successful the 

neomycin phosphotransferase promoter actually was in preventing disruption of 

downstream genes. An analysis was  therefore undertaken (Matthew Oberhardt; for more 

details see (172), Supplemental Material) of whether genes downstream of transposon 

insertions are generally disrupted in vivo, a phenomenon that would cause some 

nonessential genes to be classified as essential in vivo due to transposons in those genes 

disrupting downstream essential genes. In order to investigate this phenomenon, a 

statistical analysis was performed of the number of in vivo essential genes <1,000 bp 

downstream of genes classified as giving false-negative results. Consistent with the reports 

for the two transposon studies, the analysis showed that the false-negative results were 

significantly more likely to have essential genes downstream of them than a set of random 

genes from the in vivo study that reported polar disruption of downstream genes (indicating 

possible disruption of downstream essential genes by transposons) (142)  but that false-

negative results were not more likely to have essential genes downstream of them than a 

set of random genes from the in vivo study with the neomycin phosphotransferase 

promoter (indicating a lack of disruption of downstream essential genes by transposons) 

Figure 22: The results of the essentiality analysis is iMO1058 
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(114). The result for the in vivo study reporting polar disruption of downstream genes (142)  

might have been due to the study’s much lower coverage of the genome than that of the 

other study (23% versus 88% of ORFs disrupted). Regardless, this analysis suggests that in 

a genome-scale transposon study, an outward facing neomycin phosphotransferase 

promoter is effective in preventing disruption of downstream genes. 

3.14 Model application – exploration of pathways for PQS 

production 

The hallmark of Pseudomonas aeruginosa is its success as versatile pathogen and 

metabolism plays a crucial role in this. Its metabolic model could be helpful when 

navigating the metabolic space of the bacterium and assessing possible scenarios that may 

take place during infection. We used iMO1058. for an initial exploration of the chosen 

metabolic traits in the context of infection, namely, those related to the production of 

Pseudomonas Quinolone Signal (PQS), which is a molecule that serves as signaling 

compound of Quorum Sensing system, one of the major mechanism involved in the 

virulence of P. aeruginosa (55). It was observed experimentally that when P. aeruginosa is 

grown on the medium supplemented with L-tryptophan the production of PQS is several 

times higher than when this amino acid is not provided. It is known that L-tryptophan is 

degraded via anthranilate, which is also intermediate for the synthesis of the quinolone 

moiety of PQS. Introduction of radioactive nitrogen atom into L-tryptophan caused PQS 

also to be radioactive. The latter effect was not observed in kynA mutant in which 

conversion of L-tryptophan to anthranilate was disrupted (69). This all would suggest that 

the synthesis of anthranilate is the limiting factor of PQS production. It was observed also 

that a mutant unable to synthesize orotate – a one of two precursors needed to synthesize 

pyrimidines (pyr mutant) is not able to produce PQS at all (33).  It was hypothesized that 

the lack of production of PQS in the mutant was due to scavenging the anthranilate by the 

surplus of phosphoribosyl pyrophosphate (PrPP), the other precursor needed for the 

synthesis of pyrimidines (Susanne Häußler, unpublished data). The PrPP and Anthranilate 

can be condensed together and in few steps converted into L-tryptophan, which in turn can 

be secreted or degraded. The metabolism of L-tryptophan goes, as it was mentioned before, 

through anthranilate, so the impact on the anthranilate concentration would be diminished.  
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It was evaluated whether the metabolic reconstruction of P. aeruginosa can supply 

some evidence to confirm or deny this hypothesis. Figure 22A presents fluxes around 

anthranilate and PrPP in WT cells growing on glucose. As it is known anthranilate, is used 

together with PrPP in biosynthesis of L-tryptophan. If the latter is supplied to the bacteria it 

is degraded via kynurenine pathway to Anthranilate, which is degraded further via 

benzoate degradation pathway (Figure 22B). In both cases PQS is not produced in silico, as 

neither is it needed for growth nor its production is coupled to some other compound that 

Figure 23. Analysis of the PQS production in iMO1058 
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bacteria need for growth. The only ways to enforce PQS production in the model is either 

to limit the flux on reaction leading to PQS from the bottom or set minimal L-tryptophan 

uptake and maximal anthranilate degradation so that not all anthranilate can be degraded 

(figure 22C). The latter method of enforcing the PQS production is only successful when 

there are no other ways of removal off anthranilate from the cell (e.g. by secretion). 

In order to model the behavior of the pyr mutant the appropriate reaction has been 

blocked and the pyrimidines in form of uracil or UDP have been provided. The idea was to 

assess how the cell can cope with the surplus of PrPP. The production of PrPP was limited 

from the bottom to values that occur in WT cells. If uracil is provided to the host the PrPP 

can be used to convert Uracil to UMP so there is no surplus of PrPP (Figure 22D). If the 

UDP is used there are two pathways to degrade PrPP with similar cost. First is to condense 

it with Adenine (or guanine, hypoxantine) to AMP (GMP,IMP) and then hydrolyze back to 

nucleoside and D-ribose 5-phosphate (Figure 22E). Second goes via L-tryptophan (which 

is later degraded back to Anthranilate – Figure 22F). The penalty on the growth yield is 

similar for both these routes, so principally they both can be used. This analysis does not 

give any evidence that the hypothesis that anthranilate is used to remove the surplus of 

PrPP may be false, it does not give much evidence that it may be true, as there are 

alternative ways to achieve the same goal. It should be also noted that,  production of PQS 

is subject to quite tight regulation that is coupled to other quorum sensing mechanisms 

(153). Additionally anthranilate, the main PQS precursor can  be produced by two 

synthetases. Just one of them (trpEG) is regulated (inhibited) by tryptophan, so one can 

suspect that it takes part in tryptophan biosynthesis. The other (phnAB) seems to be 

involved in production of secondary metabolites that are derivatives of anthranilate (67). 

Hence assuming that PQS production can be explained at purely metabolic level may be a 

misinterpretation.  In order to investigate the production of PQS inclusion of a model of 

regulation of genes involved in this process seems to be indispensible. 

This example illustrates the issues related to use constraint-based models for the 

predictions related to production or degradation of secondary metabolites.  In many cases 

these predictions are out of the scope of the approximations that constraint-based modeling 

bases on. On the other hand a fairly complete metabolic reconstruction can identify 

virtually all possible fates of a particular compound, thus giving an overview and allowing 

defining points in which interventions have to be made in order to define which of the 

suggested routes is actually used. 
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One hurdle for the broad applicability on the study of metabolism is that many of the 

metabolic pathways involved in the virulence, however, are overwhelmingly not related to 

the growth yield of the organism and thus the standard optimization based methods predict 

no flux on the reactions involved exclusively in the synthesis of these compounds. There is 

a clear need for novel methodology that allows for capitalization of the potential of 

constraint-based models in this kind of applications. 

3.15 Model application – production of polyhydroxyalkanoates 

(PHA) from non-alkanoates in P. putida 

One of the ultimate motivation underlying the development of such metabolic models 

is to use them to generate hypotheses, pinpoint leads and make predictions that will assist 

metabolic engineering endeavors. Therefore, as an illustration of the principle, the model 

developed here was applied to the prediction of possible improvements to an industrially 

relevant process, namely, the production of polyhydroxyalkanoates (PHAs) from non-

alkanoic substrates for biomedical purposes (85, 240, 253). As the production of PHAs 

uses resources that would be otherwise funneled towards growth, increasing in the in silico 

PHA production would decrease the growth. Consequently, in classic optimization-based 

approaches (e.g. FBA), no PHA production will be predicted while optimizing for growth 

yield. The aim was thus to increase the pool of precursor of PHAs – Acetyl-CoA that can 

be used for the synthesis of the PHAs. This was based on the observation that inactivation 

of isocitrate lyase (ICL) enhances the production of PHAs in P. putida due to increased 

availability of Acetyl-CoA that is not consumed by ICL (134). A consistent search was 

therefore performed for other possible intervention points (mutations) in the metabolic 

network that could lead to the accumulation of Acetyl-CoA. This analysis was performed 

through application of a modified OptKnock approach (37),  which allowed for parallel 

prediction of both mutations and carbon source(s) that together provide the highest 

production of the compound of interest.  
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Two methods were employed to 

model a cellular pooling of Acetyl-

CoA. The first was the maximization 

of Acetyl-CoA production by pyruvate 

dehydrogenase (PDH). In the second, 

an auxiliary reaction was introduced 

that consumed Acetyl-CoA 

(concurrently producing CoA, to avoid 

cofactor cycling artifacts) and that 

would represent the pooling of Acetyl-

CoA (see Figure 24 - inlets). It is 

noteworthy that the value of ‘Acetyl-

CoA production’ predicted by the first 

method includes Acetyl-CoA that is 

then consumed in other reactions 

(some of which will lead towards 

biomass production for instance), 

whereas the value of ‘Acetyl-CoA 

pooling’ predicted by the second method includes only Acetyl-CoA that is taken 

completely out of the system, and therefore made available for PHA production but 

unusable for growth or other purposes. Hence, only with the first method (Acetyl-CoA 

production) can Acetyl-CoA fluxes and growth rates be compared directly with the wild-

type Acetyl-CoA flux and growth rate, as the second method (Acetyl-CoA pooling) will 

display lower values for Acetyl-CoA fluxes and growth rates but will avoid ‘double 

counting’ Acetyl-CoA flux that is shuttled towards growth, and therefore is not available 

for PHA production. To this end, the OptKnock procedure was allowed to block a 

maximum of two reactions, which corresponds, experimentally, to the creation of a double 

mutant. To avoid lethal in silico strains, the minimal growth yield was limited to a value 

ranging between 0.83 and 6.67 gDW·molC
-1, corresponding to about 5 and 40 percent of 

maximum growth yield, respectively. Six mutational strategies suggested by this approach 

are presented in Table 16 and Figure 24.  

Figure 24. Two strategies of Acetyl-CoA pooling: (A) 

production, (B) pooling. 
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The first three were generated by the first method of Acetyl-CoA pooling (Figure 

24A). According to the model predictions, for the growth yield limited to 5% of its 

maximum, a mutant in which triose phosphate-isomerase (tpiA/PP4715) and 6-

phosphogluconolactonase (pgl/PP1023) were knocked-out, during the growth on D-

fructose could produce about 33% more of Acetyl-CoA than the wild type. As the single 

mutant of PP4715 was generated previously (202) its ability to grow on D-fructose was 

tested. Unfortunately, this mutant grew very poorly (i.e., very small colonies of P. putida 

were formed on the agar plates only after three days), which rendered the hypothesis made 

Table 16: Summary of the characteristics of the in silico strains generated in the procedure of 

optimization of the PHA production 

AcCoA 

production 

[mmol· 

gDW
-1

·h
-1

] 

Growth 

yield 

[gDW·molC
-1

]

S
tra

in
 

Blocked enzymatic 

activity Loci to be blocked 

Carbon 

source(s) min max limit sim 

WT WT WT L-Serine 11.47 22.26 0.83 11.16
triose-phosphate 
isomerase PP4715 

1 
6-phosphoglucono
lactonase PP1023 D-Fructose 7.7 29.74 0.83 3.5
Glucose 
dehydrogenase 
(membrane) PP1444 

2 
6-phosphoglucono
lactonase PP1023 D-Glucose 7.05 28.51 0.83 4.17
isocitrate 
dehydrogenase  PP4011 or PP4012 

PP0490 or PP0491 

3 
formate 
dehydrogenase 

PP2183 or PP2184 or 
PP2185 or PP2186 L-Serine 22.41 23.01 6.66 10.67

citrate synthase PP4194 

4 
2-Methylcitrate 
dehydratase PP2338 L-Valine 

 
21.85 0.83 1.00

PP0322 
glycine 
hydroxymethyl
transferase PP0671 

5 citrate synthase PP4194 

L-Leucine, 
L-Lysine, 
L-Phenyl-
alanine 16.75 3.33 4.00

PP0322 
glycine 
hydroxymethyl
transferase PP0671 

6 citrate synthase PP4194 
L-Leucine, 
L-isoleucine 9.35 6.66 9.33
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by OptKnock very difficult to test. A second hypothesis predicted that a (double-)mutant 

devoid of 6-phosphogluconolactonase (pgl/PP1023) and periplasmatic Glucose 

dehydrogenase (gcd/PP1444), would produce 29% more Acetyl-CoA than the wild type 

growing on glucose as a carbon source. As this mutant is still being generated, it was 

impossible to test the prediction. However, these cases illustrate the rationale followed.  

In both of these hypotheses, the information obtained by the FCF approach allowed for 

identification of the most efficient mutational strategy, as the same effect can be obtained 

by blocking either of two reaction but one reaction is catalyzed by three isozymes whereas 

the other just by only one enzyme (PP1023). In these two in silico strains, the introduced 

mutations decreased the growth yield about threefold, which feed a substantial pool of 

carbon for rerouting towards different pathways (the presence of this pool can be inferred 

from the high difference between the minimal and maximal Ac-CoA production values – 

see Table 16). This gives no guarantee, however, that the carbon will be routed via reaction 

of interest.  

A third mutational strategy involved increasing the minimal growth yield requirements 

to 40% of the maximum and running the corresponding simulation. This strategy predicted 

that a mutant in isocitrate dehydrogenase and formate dehydrogenase growing on serine 

would produce slightly more Acetyl-CoA than the wild type by re-routing all carbon 

through glycine instead of Acetyl-CoA. Interestingly, however, the minimal possible value 

of Acetyl-CoA production is twice as high as in the wild type, which provides more 

possibilities for the generation of a mutant with required properties. A drawback of this 

strategy is that it would entail the creation of a triple mutant, since one of the reactions is 

catalyzed by two different complexes. 

The other three mutational strategies (Figure 24B) were generated using the second 

method of modeling an increased pool of available Acetyl-CoA. The initial conditions for 

all of them differed only in the minimal required growth yield, ranging from 0.83 to 6.67 

gDW·molC
-1. The predicted production of Acetyl-CoA increased inversely with this value 

and amounted to values between 9.35 and 21.87 mmol·gDW
-1·h-1, corresponding to 31 and 

73 percent of total carbon provided. All three simulations suggested inactivation of the 

citrate synthase or reactions fully coupled to it, citrate hydro-lyase and isocitrate hydro-

lyase. Of these three coupled reactions, citrate synthase was considered the superior 

mutational target since it is coded by a single gene (gltA/PP4194). A second suggested 

mutation is also identical between two of the three mutational strategies producing the 

lowest amounts of Acetyl-CoA (the difference between these two strategies is in the 
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carbon source provided in the medium: either L-leucine and L-isoleucine, or L-leucine, L-

lysine, and L-phenylalanine). The blocked reaction (serine hydroxymethylase) is, however, 

catalyzed by two isozymes (glyA/PP0671 and glyA-1/PP0322), increasing the necessary 

amount of genetic manipulation. The third alternative strategy, which produced the highest 

Acetyl-CoA-yielding in silico mutant of the three, calls for inactivation of 2-methylcitrate 

dehydratase (prpD/PP2338) in addition to the inactivation of gltA/PP4194 and growth on 

L-valine. 

Assessing which of these two strategies may provide better results is difficult, as both 

approximate the introduction of surplus of Acetyl-CoA. In the second approach, the 

suggestion to inactivate the citrate synthase resembles the knock-out of isocitrate lyase 

mentioned above and for which the increased production of PHAs was already confirmed. 

Both these reactions lie close to each other in the metabolic network (they are separated by 

citrate hydro-lyase and isocitrate hydro-lyase – reactions directly coupled to the citrate 

synthase; this means that they are de facto direct neighbors). This suggests that this 

approach may have higher chances for success. The numerical values are difficult to 

compare, since the first method maximizes the flux, which can be higher than the real 

carbon supply (when the carbon is circulated around in the metabolism), whereas in the 

second method the carbon directed to the auxiliary reaction “vanishes” from the system. 

The identification of the better strategy will be possible after theses all suggestions have 

been tested. Nevertheless, this simulations show that the mathematical models can be 

extremely useful for the reprogramming and optimization of P. putida for industrial 

purposes, they also show one possible direction how this contribution can be achieved. 
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4 Discussion 

4.1 Genome-scale constraint-based models of P. putida and 

P aeruginosa accurately account for their major metabolic 

features  

A primary value of genome-scale metabolic models is their ability to provide a holistic 

view of metabolism allowing, for instance, for quantitative investigation of dependencies 

between genes, reactions and metabolites that exist far apart in the metabolic network and 

that yet may have profound influence on the cell’s behavior (200). Once experimentally 

validated, these models can be used to characterize the space of all possible steady-state 

metabolic flux distributions and resource allocation within a network, to generate 

experimentally testable predictions such as the ability of the cell to grow in a given 

environment or to produce a given metabolite, to test metabolic network evolution 

scenarios, or to design experimental strategies that provide insights on metabolic behavior 

and genotype-phenotype relationships. Furthermore, owing to their genome-wide scale, 

these models enable to assess systematically how perturbations in the metabolic network 

affect the organism as a whole, such as in assessing lethality of mutations or predicting the 

effects of nutrient limitations. Since these multiple and intertwined relationships are not 

immediately obvious without genome-scale analysis, they would not be found during 

investigation of small, isolated circuits or genes as it is typical in traditional reductionist 

approaches (115, 185). 

In this work the metabolic reconstructions and subsequent mathematical analysis of 

two closely related microorganisms, P. aeruginosa PAO1 and P. putida KT2440 were 

presented. These two bacteria are paradigms of opportunistic pathogens of soil origin, and 

of environmentally and industrially relevant soil bacteria, respectively. The first 

reconstruction, named iMO1058, accounts for 1058 genes encoding 1030 proteins and 877 

reactions. The other, iJP815, is composed of 815 genes whose products correspond to 877 

reactions connecting 888 metabolites. A special emphasis was put on the reproduction of 

the properties particularly relevant for the given bacterium. In the case of opportunistic 

pathogen P. aeruginosa, this pertained to reconstruction of pathways leading to production 

of common virulence-related factors, such as alginate, rhamnolipids, phenazines, and 
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quorum sensing molecules. In the case of P. putida the focus was on the degradation of 

aromatic compounds, for which this bacterium is renowned. 

It is noteworthy that both models have the same number of reactions although the total 

number of genes assigned to the reactions is about 25% higher in iMO1058. This 

phenomenon may be a real biological property, i.e. more genes are involved in metabolism 

in the genome of P. aeruginosa than in the P. putida one, and thus the genetic redundancy 

of the metabolic network is higher in the former bacterium. But it may be also an artifact 

caused by, for instance, lower amount of knowledge pertaining to P. putida or different 

confidence levels accepted when annotating genes basing on homology. This difference 

requires further and extensive research in order to define its sources. 

The reconstruction processes were based on the most up-to-date annotations of the 

bacteria, the content of various biological databases, primary research publications and 

specifically designed functional genomics experiments. For the most part, the 

reconstructions were carried out manually, which allowed approaching many metabolic 

processes quantitatively and comprehensively, so previous gaps in knowledge were 

highlighted and carefully investigated. 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 powerful tool to identify areas of metabolism that 

require further elucidation. The gap analyses of the metabolism of P. aeruginosa and 

P. putida metabolism enabled the refinement of the annotation of a number of genes with 

respect to their function, directionality, or stoichiometry. These annotation refinements 

represent many crucial metabolic functions of both bacteria, and without a systematic 

network-level approach to guide the analysis, it would have been difficult to highlight 

these weak points in current knowledge. 

After the reconstruction process had been finished, both models underwent extensive 

experimental validation. It differed from one organism to the other, since diverse types of 

experimental data were available. Both models were validated against continuous culture 

data and BIOLOG substrate utilization assays. In addition, iMO1058 was validated against 

genome-wide mutant sets, while for the validation of iJP815 13C flux measurements and a 

set of mutant strains were used. FBA and Flux Variability Analysis were used to ascertain 

the distribution of resources in either bacterium, to systematically assess gene and reaction 

essentiality and to gauge the robustness of the metabolic network. The use of high 

throughput data to narrow-down the size of the space of possible solutions of the 

optimization-based methods, and thus improve their predictions, was also evaluated. 
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Hence, this work represents one of the most thorough sets of analyses thus far performed 

for any organism by means of constraint-based modeling, providing thereby a solid 

genome-scale framework for the exploration of the metabolism of these fascinating and 

versatile bacteria. However, since this modeling endeavor relies upon a number of 

approximations, the limits, potential and applicability of the analysis have to be clearly 

identified and defined. These points are addressed in section 4.2. 

Altogether, the results and analyses show that the models accurately capture a 

substantial fraction of the metabolic functions of the respective organisms. Therefore, 

some possible areas of applications were identified and it was evaluated to what extent the 

models can yield valuable information. 

 

iMO1058 was applied to evaluate hypotheses regarding the PQS production, a 

compound important in regulation of the quorum sensing. It provided some information 

regarding possible routes of PQS synthesis from different starting metabolites and ways of 

degrading the surplus of particular intermediates involved in it. The model was however 

unable to verify or deny particular hypotheses regarding processes involved in regulation 

of PQS production. 

Using iJP815, hypotheses on constraining and redirecting fluxes towards the 

improvement of production of polyhydroxyalkanoates (PHAs) were generated.  PHAs are 

precursors for industrially and medically important bioplastics. This is, to the author’s 

knowledge, the first reported application of constraint-based modeling to direct and 

improve the yield of a compound of which the production is not directly coupled to the 

growth of the organism. This opens up novel areas of application for the constraint-based 

approach. The modification of OptKnock algorithm that allows for the prediction of the 

most suitable carbon source makes this method particularly indicated not only for the 

prediction of mutants with desirable properties, but also for the identification of the 

conditions that support the expression of these properties. 

 

In the course of this work a number of hypotheses were generated. An extremely 

important step in further development of both models is their experimental validation. This 

will contribute not only to the refinement of the models, but also the confirmation or denial 

of the hypotheses will give indications for the areas in which the metabolic reconstruction 

can yield valuable results and those in which they are currently not able to provide useful 

information. On the other hand there were applications in which the model was not able to 
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provide clear clues. The identification of the reasons of the failures together with the 

analysis of the outcome of hypothesis-testing will be helpful in setting the limits of the 

constraint-based approach and in indentifying areas of application for which a novel 

methodology is needed or for which the constraint-based methodology has to be 

complemented by completely different methods. 

The metabolic reconstruction, the subsequent mathematical computation and the 

experimental validation reported here provide a sound framework to explore the metabolic 

capabilities of these fascinating bacteria, thereby yielding valuable insights into the 

genotype-phenotype relationships governing their metabolism and contributing to the 

ability to exploit the biotechnological potential of pseudomonads. By providing the means 

to examine all aspects of metabolism, an iterative modeling process can generate logical 

hypotheses and identify conditions (such as regulatory events or conditional expression of 

cellular functions) that would reconcile disagreements between experimental observations 

and simulation results.  

4.2 Pitfalls inherent to constraint-based modeling  

Notwithstanding the generally good agreement between experimental results and 

simulations of the models, several of the discrepancies encountered reflect pitfalls inherent 

to constraint-based modeling that go beyond this study: 

Firstly, the network reconstructions of P. putida and P. aeruginosa are still far from 

being complete and they need further work to be improved. There are still substantial areas 

of the metabolic network that require thorough exploration. This was revealed by the high 

number of blocked reactions and by the mismatches with the BIOLOG essentiality, or 

transcriptomic data. Some of the blocked reactions could be unblocked and the mismatches 

corrected. Many others, however, require longer investigation or cannot be resolved 

without additional data. In addition, not all known pathways could be reconstructed during 

the model building processes. In some cases, this was due to the lack of detailed enough 

information (e.g. synthesis of some cofactors – thiamin, cobalamin). In some others the 

pathways were peripheral to the main interest of this work and they were omitted in the 

first approximation (e.g. pathways related to the aromatics degradation in P. aeruginosa). 

A class of reactions that earns special attention, are those related to the transport of 

compounds through the membrane. Although there are many genes (approx. 510 and 320 

in P. putida and P. aeruginosa, respectively) putatively coding for proteins involved in 
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transport, for most of them, neither the translocated compound nor the mechanism of 

translocation is known. Furthermore, it should be highlighted that these genomes (as those 

for most other organisms) still contain a high number of genes with non-unique annotation. 

In the P. putida genome 30 percent of the total genes are annotated as “hypothetical” or 

“conserved hypothetical”, 16 percent as putative, and for another 15 percent the functional 

annotation does not give information other than the protein family. For P. aeruginosa the 

numbers sum up to 44, 26 and one percent, respectively. The higher overall number of not-

uniquely defined genes in the putida model contradicts to some extent the fact that 

iMO1058 scores slightly better in various statistics (e.g. number of blocked reactions or 

amount of genes incorporated into the model) than iJP815, but in fact the amount of 

scientific work on P. aeruginosa is much higher. The PubMed database reports about 4000 

publications containing the word “putida” either in title or abstract, whereas there are 

almost 38000 articles containing the word “aeruginosa” in the same fields. This suggests 

that many of scientific results were not transferred to biological databases. This suspicion 

is also confirmed by the fact that some genes had to be reannotated during the 

reconstruction processes and quite often the information used for reannotation came from 

primary research publications. 

It is likely that a fraction of the hypothetical and non-specifically annotated genes in 

the current P. putida and P. aeruginosa annotations are, for instance, responsible for 

unknown metabolic or transport processes, or that may code for proteins that may add 

redundancy to reactions set or pathways. This observation is common to all genomes 

sequenced so far and illustrates a major hurdle in the model building process (and hence, 

its usefulness) that can be overcome only through extensive functional genomic studies. 

 

Secondly, although the in silico flux space can be constrained through FBA and FVA 

and the obtained distribution spaces are roughly consistent with those experimentally 

determined via 13C- flux analysis, these approaches are inherently limited as they assume 

growth as a sole metabolic objective and ignore any effects not explicitly represented in a 

constraint-based metabolic model. It has been shown that in FBA the use of objective 

functions other than growth can improve predictive accuracy under certain conditions 

(219). Recently, Schuster et al (223) evaluated, on both experimental and theoretical 

grounds, whether the growth yield maximization is the objective which has been driving 

the evolution of metabolic pathways. They argue that maximization of yield is not a 

general principle in biology. They observed that many organisms do waste resources. A 
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good example of this is the Crabtree effect (192), i.e. the use of fermentation in aerobic 

conditions instead of respiration by many yeast species, whenever there is enough glucose. 

Trinh et al (251) produced an E. coli strain in which six genes has been knocked out, that 

showed the higher growth yield than the wild type.  

Besides the regulation of the metabolic network, kinetic limitations play a very 

important role in determining to which extent a particular reaction or pathway is de facto 

used. Teusink et al (247) showed that in the case of L. plantarum these factors may lead to 

false FBA predictions. Wasting resources can also be caused by the competition among the 

organisms living in the same environment. Many of them try to convert abundant resources 

(e.g. carbon sources) so that the products are unusable or even detrimental to the 

competitors. For instance, yeasts produce ethanol and the lactic acid bacteria lactate. Also 

pseudomonads are known to convert glucose to gluconate extracellularly when it is 

abundant. Such additional conversions decrease the growth yield. The models and 

optimizations could be modified so that they account for the effects leading to the decrease 

of the growth yield, though this may lead to circular reasoning, i.e. prediction of facts that 

have been already used as the input information for the model. 

 

Thirdly, the reconstructions account for causal relationships between genes and 

reactions via gene-protein-relationships (GPRs) but they lack explicit information on gene 

regulation. There are many genes in the cell, however, that are expressed only in certain 

conditions. Non-expression of given genes may render some reactions inoperative, and, 

therefore, the in silico flux spaces are generally larger than the true in vivo flux space of the 

respective metabolic network. These additional constraints on the metabolic network may 

reduce its robustness and influence the essentiality of some other reactions and genes. The 

lack of regulatory information and of the genetic interactions involved is likely to be one of 

the causes for faulty predictions of the viability of mutant strains. Adding this information 

will be an important step in the further development and improvement of the accuracy of 

the reconstructions. 

Fourthly, although the analyses indicated that growth yield is relatively insensitive to 

changes in biomass composition, which shows that the central metabolism can fulfill the 

energy and biosynthetic requirements for growth under various conditions, these analyses 

also suggest that factors other than the structure of the metabolic network play an 

important role in defining the relationship between the growth yield and environmental 

conditions. The prediction of the exact growth yield requires the precise measurement of, 
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for instance, maintenance values, which may vary substantially from one condition to the 

other (73, 112, 147). As the maintenance, in non-stress conditions, accounts for about 10-

30% of the total carbon source provided, this may set a limit to the accuracy of the growth 

yield predictions. 

4.3 Improving model development and validation  

Experimental validation of a genome-scale model is an iterative process that is 

performed continuously as a model is refined and improved through novel versions. The 

global metabolic models and segments of iMO1058 and iJP815 have been validated using 

both publicly available data and data generated for the purpose of validation. However,  

there will always be a difficulties in validating the parts of the models that include blocked 

reactions and pathways. Knowledge generated on functional genomics of hypothetic and 

conserved hypothetical will also provide novel information that can be immediately 

updated into the models. This, however, depends strongly on the joint efforts of the 

Pseudomonads research community (e.g. www.psysmo.org, www.pseudomonas.com). Yet, 

there are several other avenues that could be followed in the future, in order to enhance the 

usefulness and predictiveness of the model.  

Firstly, additional constraints can be overlaid on the network so to reduce the space of 

possibilities and increase the accuracy of predictions. Sources of the constraints may be 

both classical biochemical assays pertaining particular enzymes and the various ‘omics’ 

data, including transcriptomics, proteomics and metabolomics. The latter have a great 

potential as they give a view of whole organism at once. All these ‘omics’ data are 

instrumental in expanding genotype-phenotype relationships in the context of genome-

scale metabolic models (122). This approach was evaluated already to some extent in this 

work by constraining the flux space of iJP815 with microarray data (section 3.11). It still, 

however, requires considerable refinement and extension. As each kind of omics data 

provides different sorts of information, a separate approach has to be developed for each of 

them, although the information is then to be combined. 

Secondly, constraint-based models provide a good opportunity for incorporating 

kinetic information into a genome-scale model as there are various kinetic models 

available and under development for small circuits in either bacterium (5, 138, 225, 226, 

272). Incorporating data from these and newly created models into the respective genome-

scale reconstruction would provide insights into the relationships of isolated metabolic 
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subsystems with global metabolism. This synthesis would also improve the flux 

predictions of the global model, particularly in areas where current FBA-based predictions 

methods fail due to their inherent limitations, e.g. when the flux through particular 

reactions is not related to or contributes negatively to the objective chosen. 

4.4 Outlook: Constraint-based modeling in (Evolutionary) 

Systems Biology  

One promising use of constraint-based model frameworks is the genome-scale 

comparison of metabolic spaces. In the case of the two pseudomonads described here, the 

fact that the reconstructed bacterial species are closely related to each other, while 

following completely different lifestyles, makes this comparison very promising. Due to 

genetic proximity the differences pertaining to the particular pathways should be rather 

limited and purged to those tightly related to the differences between lifestyles of either 

bacterium. The evaluation of whether and how these small dispersed changes translate to 

system-level differences, influencing whole metabolism, would be of much higher interest, 

as this could substantially contribute to the understanding of not only mechanism of 

pathogenicity but also to elucidate the further nature of genotype-phenotype relationships. 

For both species P. putida and P. aeruginosa numerous strains were isolated. This 

plethora of strains is in both cases a consequence of the versatility of habitats and the 

particular evolutionary pressure that is related to them. The P. putida isolates that were 

obtained from various soil and water environments are characterized by ability to degrade, 

bioremediate or produce very unusual compounds or survive in specific, quite often toxic, 

environments (12, 30, 155). Analogously, there are many strains of P. aeruginosa that 

were either isolated from environmental sources or were collected during epidemic 

outbreaks in hospitals or from chronically infected patients. Currently all these isolates are 

characterized with various assays. These can base on physiological properties, the 

BIOLOG™ (25) can serve here as an example, or may account for differences in the 

genomic sequence, e.g. single-nucleotide polymorphism (275). This is especially well-

developed for classification of P. aeruginosa isolates, as it is relevant for the decisions 

pertaining to the treatment. From the scientific point of it would be interesting to elucidate 

which mechanisms confine the distinctive properties of the strains and gain insights into 

their habitat-specific features. 
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The comparison of the metabolic spaces is not to be limited only to the strains for 

which the reconstructions were performed (KT2440 and PAO1). The models presented in 

this work, could form, after refinement, a basis to build fine-tuned reconstructions of the 

various strains of P. putida and P. aeruginosa and then comparing their metabolic 

capabilities. This could help to develop new treatment strategies or aid in identifying 

strains capable of performing bioconversions of interest with the highest efficacy. This 

could become extremely effective if a methodology for (semi-)automatic reconstructions 

from genome data obtained through high-throughput sequencing was developed. This 

could allow creating a streamlined process in which, for each isolated strain, sequencing 

would be performed and, basing on the sequence and up-to date created models, the 

metabolic reconstruction would be made. This procedure, after enough information was 

collected, could contribute to the investigation of a number of interesting questions, such 

as the influence of the burden associated with the survival in the particular environment on 

the metabolism of the cell. Depending on the environment, diverse activities can be 

survival-related. These include synthesis of various virulence factors or substances 

protecting the cell from the toxicity of environment, degradation or neutralization of 

substances toxic to the organism that are present in that environment (irrespective of 

whether the environment is human tissue or contaminated soil). Another pertains to the 

influence of the selective pressure on the metabolism of the bacterium, as it is, for example 

happens during and chronic infection (e.g. in the lungs of a CF patient). The persistence of 

the infection causes that the evolutionary pressure is exerted for longer period of time and, 

in fact, major differences between strains of P. aeruginosa isolated from chronically 

infected patients and from other sources have been observed (96, 98, 139, 175, 231, 236).  

For instance, during a chronic infection P. aeruginosa tends to loose virulence factors 

(233). It would be interesting to see how these changes reshape resources distribution 

within the metabolic network of the cell. All this would surely contribute to both 

developing new intervention strategies and new industrially relevant bioprocesses 

The comparison of metabolic spaces does not have to be limited only to the P. putida 

and P. aeruginosa species, but one could think about extending it to any number of 

organisms. In addition to answering the questions raised above, the streamlined 

comparison of metabolic spaces, provided that enough many genome-scale reconstructions 

were available, could be then used to investigate phylogenetic and evolutionary 

relationships between organisms. This could open a novel chapter in evolutionary biology. 
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In addition to the analyses outlined above, it would be very interesting to evaluate to 

what extent constraint-based models can aid in interpretation of various ‘omics’ data. As it 

was mentioned above, the ‘omics’ data can be very useful for the validation and 

subsequent improvement of the accuracy and predictive power of the models. It would be 

also of interest to assess to what extent reversible process is possible. It its anticipated that 

metabolic reconstructions could, for instance, help in identifying co-regulated genes, thus 

helping in revealing underlying regulatory networks. This could be successful if effective 

methods for identification of structural units of the reconstructions, such as Extreme 

Pathways or Elementary Modes were identified. 

4.5 Conclusion 

This work is a steppingstone for the investigation of the metabolically versatile group 

of pseudomonads in the realm of System Biology and opens novel possibilities in for 

research of this fascinating bacterial group. The author hopes that this work, although far 

from being complete, forms a solid basis which enables that further scientific challenges 

related to the Systems Biology of pseudomonads will be undertaken and that, at the long 

term, the knowledge generated can be translated into novel processes of biotechnological 

interest and effective intervention strategies in combating Pseudomonas infections. 

. 

. 
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6 Appendices 

Appendix 1 iMO1058 model, composition and reaction 

properties 

Please see the file “Appendix1.xls” on the attached CD.  

Appendix 2 Primary research publications used in iMO1058 

reconstruction 

Please see the file “Appendix2.doc” on the attached CD.  

Appendix 3 iJP815 model, composition and reaction properties 

Please see the file “Appendix3.xls” on the attached CD.  

Appendix 4 Primary research publications used in iJP815 

reconstruction 

Please see the file “Appendix4.doc” on the attached CD.  

Appendix 5 Detailed results of the BIOLOG™ assay for 

P. aeruginosa PAO1 and iMO1058 

iMO1058
pre2

 iMO1058 

In silico growth In silico growth 

Substance BIOLOG 

result 
Present in 

model 
External Internal 

Present in 

model 
External Internal 

-cyclodextrin - - - - - - - 

Dextrin - - - - - - - 

Glycogen - + - + + - + 

Tween 40 + - - - - - - 

Tween 80 + - - - - - - 

N-Acetyl-D-
Galactosamine 

- - - - - - - 

N-Acetyl-D-
Glucosamine 

+ - - - + + + 

Adonitol - - - - - - - 

L-Arabinose - - - - - - - 
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D-Arabitol - - - - - - - 

D-Cellobiose - + - - + - - 

i-Erythritol - - - - - - - 

D-Fructose + + + + + + + 

L-Fucose - - - - - - - 

D-Galactose - - - - - - - 

Gentiobiose - - - - - - - 

-D-Glucose + + + + + + + 

m-Inositol - - - - - - - 

-D-Lactose - - - - - - - 

Lactulose - - - - - - - 

Maltose - + - + + - + 

D-Mannitol + + + + + + + 

D-Mannose - + - - + - - 

D-Melibiose - - - - - - - 

-Methyl-D-
Glucoside 

- - - - - - - 

D-Psicose - - - - - - - 

D-Raffinose - - - - - - - 

L-Rhamnose - - - - - - - 

D-Sorbitol - - - - - - - 

Sucrose - - - - - - - 

D-Trehalose - + - - + - + 

Turanose - - - - - - - 

Xylitol - - - - - - - 

Pyruvic Acid 
Methyl Ester 

+ - - - - - - 

Succinic Acid 
Mono-Methyl-
Ester 

+ - - - - - - 

Acetic Acid + + + + + + + 

Cis-Aconitic Acid + - - - + - + 

Citric Acid + + + + + + + 

Formic Acid + + - - + - - 

D-Galactonic 
Acid Lactone 

- - - - - - - 

D-Galacturonic 
Acid 

- - - - - - - 

D-Gluconic Acid + + + + + + + 

D-Glucosaminic 
Acid 

- - - - - - - 

D-Glucuronic 
Acid 

- - - - - - - 

-Hydroxybutyric 
Acid 

- - - - - - - 

-Hydroxybutyric + + - + + - + 

-Hydroxy-
butyricAcid 

- - - - - - - 

p-Hydroxy Phe-
nylacetic Acid 

+ + - - + - - 

Itaconic Acid + - - - - - - 

-Keto Butyric 
Aci 

- + - + + - + 

-Keto 
GlutaricAcid 

+ + + + + + + 
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-Keto 
ValericAcid 

- - - - - - - 

D,L-Lactic Acid + + + + + + + 

Malonic Acid + + + + + + + 

Propionic Acid + - - - + - + 

Quinic Acid + - - - + - + 

D-Saccharic Acid - - - - - - - 

Sebacic Acid - - - - - - - 

Succinic Acid + + + + + + + 

Bromosuccinic 
Acid 

+ - - - - - - 

Succinamic Acid + - - - - - - 

Glucuronamide - - - - - - - 

L-Alaninamide - - - - - - - 

D-Alanine + + + + + + + 

L-Alanine + + + + + + + 

L-Alanyl-glycine - - - - - - - 

L-Asparagine + + + + + + + 

L-Aspartic Acid + + + + + + + 

L-Glutamic Acid + + + + + + + 

Glycyl-L-
AsparticAcid 

- - - - - - - 

Glycyl-L-
GlutamicAcid 

- - - - - - - 

L-Histidine + + + + + + + 

Hydroxy-L-
Proline 

+ - - - + - + 

L-Leucine + + + + + + + 

L-Ornithine + + + + + + + 

L-Phenylalanine + + + + + + + 

L-Proline + + + + + + + 

L-Pyroglutamic 
Acid 

+ - - - - - - 

D-Serine - + - + + - + 

L-Serine + + + + + + + 

L-Threonine - + + + + + + 

D,L-Carnitine + + - - + - - 

-Amino Butyric 
Acid 

+ + + + + + + 

Urocanic Aci + + - + + - + 

Inosine + + - + + - + 

Uridine - + - - + - - 

Thymidine - + - - + - - 

Phenyethyl-
amine 

- - - - - - - 

Putrescine + + + + + + + 

2-Aminoethanol + + - + + - + 

2,3-Butanediol - + - - + - - 

Glycerol + + + + + + + 

D,L- -Glycerol 
Phosphate 

- + - + + - + 

-D-Glucose-1-
Phosphate 

- + - + + - + 

D-Glucose-6-
Phosphate 

- + - + + - + 
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Appendix 6 Detailed results of the BIOLOG™ assay for 

P. putida KT2440 and iJP815 

iJP815
pre2

 iJP815 

In silico growth In silico growth 

Substance 

BIOLOG 

result 

Present in 

model External Internal 

Present in 

model External Internal 

-cyclodextrin - - - - - - - 

Dextrin - - - - - - - 

Glycogen - + - + + - + 

Tween 40 + - - - - - - 

Tween 80 + - - - - - - 

N-Acetyl-D-
Galactosamine - - - - - - - 

N-Acetyl-D-
Glucosamine - + - - + - - 

Adonitol - - - - - - - 

L-Arabinose - - - - - - - 

D-Arabitol - - - - - - - 

D-Cellobiose - + - - + - - 

i-Erythritol - - - - - - - 

D-Fructose + + + + + + + 

L-Fucose - - - - - - - 

D-Galactose - - - - - - - 

Gentiobiose - - - - - - - 

-D-Glucose + + + + + + + 

m-Inositol - + - - + - - 

-D-Lactose - - - - - - - 

Lactulose - - - - - - - 

Maltose - - - - - - - 

D-Mannitol - - - - - - - 

D-Mannose + + - - + - + 

D-Melibiose - - - - - - - 

-Methyl-D-
Glucoside - - - - - - - 

D-Psicose - - - - - - - 

D-Raffinose - - - - - - - 

L-Rhamnose - - - - - - - 

D-Sorbitol - + - - + - - 

Sucrose - - - - - - - 

D-Trehalose - - - - - - - 

Turanose - - - - - - - 

Xylitol - - - - - - - 

Pyruvic Acid 
Methyl Ester + - - - - - - 

Succinic Acid 
Mono-Methyl-Ester - - - - - - - 

Acetic Acid + + + + + + + 
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Cis-Aconitic Acid + + - + + - + 

Citric Acid + + - + + - + 

Formic Acid + + - + + - - 

D-Galactonic Acid 
Lactone - - - - - - - 

D-Galacturonic 
Acid + - - - + - + 

D-Gluconic Acid + + + + + + + 

D-Glucosaminic 
Acid - - - - - - - 

D-Glucuronic Acid + - - - + - + 

-Hydroxybutyric 
Acid - - - - - - - 

-Hydroxybutyric + + - + + - + 

-
HydroxybutyricAcid - - - - - - - 

p-Hydroxy 
Phenylacetic Acid - + - - + - - 

Itaconic Acid - + - - + - - 

-Keto Butyric Aci - + - + + - + 

-Keto GlutaricAcid + + - + + + + 

-Keto ValericAcid + - - - - - - 

D,L-Lactic Acid + + - + + + + 

Malonic Acid - - - - - - - 

Propionic Acid + + - + + - + 

Quinic Acid + - - - + - + 

D-Saccharic Acid + + - - + + + 

Sebacic Acid - - - - - - - 

Succinic Acid + + - + + + + 

Bromosuccinic 
Acid + - - - - - - 

Succinamic Acid - - - - - - - 

Glucuronamide + - - - - - - 

L-Alaninamide + - - - - - - 

D-Alanine + + + + + + + 

L-Alanine + + + + + + + 

L-Alanyl-glycine + - - - - - - 

L-Asparagine + + - + + + + 

L-Aspartic Acid + + + + + + + 

L-Glutamic Acid + + + + + + + 

Glycyl-L-
AsparticAcid - - - - - - - 

Glycyl-L-
GlutamicAcid - - - - - - - 

L-Histidine + + - + + + + 

Hydroxy-L-Proline + - - - + - + 

L-Leucine + + - + + + + 

L-Ornithine + + - + + + + 

L-Phenylalanine + + + + + + + 

L-Proline + + + + + + + 

L-Pyroglutamic 
Acid + - - - - - - 

D-Serine - + - - + - - 

L-Serine + + + + + + + 

L-Threonine + + - + + + + 
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D,L-Carnitine + - - - - - - 

-Amino Butyric 
Acid + + + + + + + 

Urocanic Aci - + - + + - + 

Inosine + + - - + - - 

Uridine + + - - + - - 

Thymidine - + - - + - - 

Phenyethyl-amine + + - - + - - 

Putrescine + + + + + + + 

2-Aminoethanol + + - + + - + 

2,3-Butanediol - - - - - - - 

Glycerol + + + + + + + 

D,L- -Glycerol 
Phosphate - + - + + - + 

-D-Glucose-1-
Phosphate - + - + + - + 

D-Glucose-6-
Phosphate - + - + + - + 

 

 


