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Abstract

Systems Biology has been gaining attention in the last few years (Kitano, 2002)
showing new potentials in Science (Westerhoff et al, 2009), Research and Graduate Education
(Ideker, 2004) and Bioindustrial applications (Blazeck & Alper, 2010) . This renewing is due to
the new datasets that are being generated fast but also the novel bioinformatics potentialities
that appear to deal with these. In this thesis we reviewed the state of the art towards the
definition of a minimal cell, in the context of recently established systems biology tools. We
also related the minimal cell concept to the concept of last universal common ancestor (LUCA),
as both rely on comparative and integrative techniques of system biology. After this critical
review we analysed the state of the art in whole-cell/genome-scale metabolic modelling,
considering the main mathematical/computational framework to the analysis of these models
— Flux Balance Analysis (FBA) (Varma & Palsson, 1993a). After, we used FBA to predict critical
reactions of four different prokaryotic in silico models or genome-scale network
reconstructions (GENREs). We used Escherichia coli (biotechnologically interesting and much
studied), Thermotoga maritima (accepted as one of the oldest lineages of bacteria living today
(Battistuzzi et al, 2004)), Methanosarcina barkeri (one archaea) and Buchnera aphidicola (an
endosymbiont with minimal genome). We also integrated these results with another study of
Escherichia coli’'s derived minimal network independent of Carbon Sources availability
(Rodrigues & Wagner, 2009). Calculating and crossing critical reactions across different species
- reactions that can’t be cut off the network, otherwise the biomass produced would be zero -
we aimed at identifying minimal networks’ components. We analysed results in the framework
of the state of the art, and concluded that current top-down approaches based on parasite’s
minimal genomes fail to predict minimal life’s essential features desired for biotechnological
applications and also in the identification of LUCA’s metabolic features. We also propose that a
bottom-up approach, based on previous top down approaches from more datasets than the

genome, is the best in future work for modelling and possibly, constructing minimal cells.
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Resumo

A Biologia de Sistemas tem recolhido atencdo na ultima década (Kitano, 2002)
mostrando novos potenciais na Ciéncia (Westerhoff et al, 2009), investiga¢do e ensino superior
(Ideker, 2004) e aplicagdes Industriais (Blazeck & Alper, 2010) . Esta renovagdo deve-se aos
novos conjuntos de informacdo que estdo a ser gerados de forma rdpida, mas também as
novas potencialidades bioinformaticas que aparecem para lidar com estes. Nesta tese é revisto
o estado da arte na definicdo de célula minima, no contexto das ferramentas da biologia de
sistemas recentemente estabelecidas. Relaciona-se o conceito de célula minima com o de
ultimo ancestral universal comum, dado que ambos os conceitos se constroem a partir de
técnicas comparativas e integrativas da biologia de sistemas. Depois desta andlise critica,
analisa-se ainda o estado da arte na modelagdo integral de células /modelacdo a escala
gendmica, considerando a ferramenta computacional/matematica principal para andlise
destes modelos — Andlise de balanco de fluxos (FBA, do inglés Flux Balance Analysis) (Varma &
Palsson, 1993a). Seguidamente, o trabalho pratico descreve o uso de FBA para prever reagées
criticas de quatro diferentes modelos in silico de procariotas, reconstrucdes de redes
metabdlicas a escala gendmica (GENREs). Usou-se a Escherichia coli (interessante para a
biotecnologia), a Thermotoga maritima (aceite como uma das linhagens de bactérias mais
antigas que vive na atualidade (Battistuzzi et al, 2004)), a Methanosarcina barkeri (uma
archaea) e a Buchnera aphidicola (genoma minimizado). Integram-se ainda os resultados com
os de um outro estudo da rede minima da Escherichia coli independente da fonte de carbono
(Rodrigues & Wagner, 2009). Com o calculo e intersec¢do das reacgGes criticas de diferentes
espécies (reacgGes que ndao podem ser retiradas da rede, ou a biomassa produzida é zero)
pretendeu-se identificar os componentes de uma rede metabdlica minima. Analisaram-se os
resultados no contexto do estado da arte concluindo-se que as abordagens top-down
baseadas no genoma minimo de parasitas falham na predicdo das caracteristicas essenciais de
vida minima desejadas para aplicacbes biotecnoldgicas e também na identificacdo das
caracteristicas metabdlicas do ultimo ancestral comum. Propde-se uma abordagem bottom-up
baseada em abordagens top-down comparativas de mais conjuntos de informacdo do que o

genoma no trabalho futuro para a modelacdo e possivel construcdo de células minimas.
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1. Introduction

“Life, like a machine, cannot be understood simply by studying it and its parts; it must
be put together from its parts.”

(Forster & Church, 2006a)

1.1 Systems Biology and Minimal Cells

Systems Biology is starting to be accepted as the way in which Biology should be
redesigned and reintegrated to become closer to the other natural Sciences (Westerhoff et al,
2009). Although with a long history, especially in immunology and developmental biology,
systems biology, as the approach that systematically and dynamically analyses all the parts and
their interactions in a biological system (cell, tissue, organ, and organism), is being reaffirmed
in the new century, with genome sequencing and powerful computers that can account for an
astonishing amount of information that one such system can include. This new power of
bioinformatic tools helps the understanding of the cell's complex functioning, with
mathematical and physical laws, integrating all genes, proteins and metabolites in interactive
networks. This formal analysis reveals new functional states that arise when multiple
molecules interact simultaneously. The applications are vast, especially in bioengineering that
aims to understand and create new biological or bio-inspired systems and products. Metabolic
engineering is an example of the great impact of systems biology, with strain improvement for

the production of drugs and valuable metabolites.

The minimal cell concept puts together applied systems biology, for the design of
synthetic cells for biotechnological applications, but also basic biology fundamentals —
understanding the most basic, essential components of life. Ultimately, this latter approach
can converge with the definition of the last universal common ancestor (LUCA), from which all

life forms have evolved. In fact, both approaches need comparative systems biology, as they



require the most conserved features between species; these features are proved to be ancient
by the darwinistic theory of evolution — take as an example ribosomal RNA, which is used to

establish phylogenetic relationships between organisms.

1.2 Motivation and Goals

The motivation for this work appears in the interface of evolutionary and systems
biology. The recent predictive genome-scale metabolic reconstructions open gates to the
investigation of many fundamental and applied questions. This work consists on a theoretical
and practical dissertation about minimal cellular functions related to ancestral-derived
metabolic features. The minimal cell concept is not only conceptual anymore, as nowadays the
perspective of building a synthetic cell for biotechnological applications is taken in serious
consideration (Forster & Church, 2006a). Recently, an expanded review on specific
biotechnological considerations on this matter was published (Foley & Shuler, 2010).

This dissertation aimed first at being an extended and critical review of the state-of-
the-art in the construction of minimal cells through Systems Biology approaches (Chapter 2).
These were until now mainly genomic approaches, as this was the first omics dataset to be
easily available, which is highlighted. It was intended after to analyse the application of
metabolic modelling towards the same goal - the creation of a minimal cell. It was also a goal
to review the state of the art in the study of ancestral life and ancient metabolism as it
converges with the systematic, top-down or bottom up approach that is also needed to infer
minimal cell’s features and important biological fundamental knowledge. After, Systems
Biology specific field of Genome-Scale Metabolic Modelling was reviewed, especially Flux
Balance Analysis (Varma & Palsson, 1993a) that is the main mathematical and computational
technique used to analyse Genome-Scale Network Reconstructions (GENREs) and that was
used as the main methodology of this work. There is still a reference to the state of the art in
Metabolic Network alignment that was a possible direction to follow in the course of the
practical work to be done.

The practical component of this thesis consisted on a comparative study of several
different prokaryotic GENREs, focused on identification and comparison of essential or critical
reactions. These reactions are those that cannot be cut off the network, otherwise the biomass
produced by the model will be zero — therefore we aim the identification of minimal networks’

components. For this purpose, the goals were to review all the available predictive GENREs for



a careful case-choice study based on validation level (how predictive the model has proved to
be when compared to experimental data) and also phylogenetic reach. After, we calculate
essential reactions for each case, and we compare the sets of essential reactions obtained,
integrating the results with the state of the art of minimal cell design and construction. The
results have interest for basic bioengineering, in molecular biotechnology, but also in the study

of ancestral metabolic networks.



2. State of the art

2.1 Minimal cell - For long a Systems Biology concept

One simple prokaryotic cell can be viewed as a highly complex dynamic bio-
nanomachine that bioengineers cannot assemble from its parts. Escherichia coli, for example,
has millions of proteins, thousands of RNA molecules, millions of lipids, etc., all of them
working together in subsystems and complexes. However, for each cell, there is only one

circular double helix DNA genome (See Table 1)

Table 1 — Number of molecules in a single Escherichia coli cell Adapted from (Deamer, 2009) .

Molecular component Number of molecules
Kinds of proteins 1,850 (mostly enzymes)
Total number of proteins 2,36 million

RNA in ribosomes 18,700

Transfer RNA 205,000

Messenger RNA Variable depending on growth cycle
DNA One circular double helix
Lipid 22 million
Lipopolysaccharide 1,2 million
Peptidoglycan One (forms cell wall)
Glycogen 4,360 (energy storage)
Plasmids 0-200 (Watve et al, 2010)




The comprehension of the cell has boomed with modern biotechnology techniques,
which have been focused on genome comprehension since the discovery of DNA and the
sequencing of the first genome. Therefore, minimal cells have been studied mostly as minimal
genome-containing cells. With Systems Biology affirmation in the several new omics datasets
(proteomics, metabolomics, lipidomics, etc) cells are starting to be looked at as a whole, and
the approach of this new discipline appears to be very appropriate to conceive minimal cells.
The identification and interconnection of cellular parts in dynamic systems and ultimately, the
construction of models are the goals of Systems Biology. In fact, the old approaches to minimal
cells — Top down and Bottom up - are general terms for two strategies of information
processing and knowledge ordering in any systems science, or philosophy. Therefore, systems

biology has always been the approach in the search for the minimal cell.

Top down approaches aim at reducing genomes of existent minimal organisms to the
smaller they could be while still living. The species used are mainly parasites or endosymbionts
with the smallest genomes known, as Mycoplasma genitalium and Buchnera aphidicola, and
the information is obtained from computational and experimental studies as a start (for a
review, check (Henry et al, 2010)). Top down approaches have always come from genomes,
never proteomes or other omics data-sets; for this reason, there is a general agreement that

they will not take us to the minimal possible cells in chemical terms.

Bottom-up approaches aim at build artificial chemical systems that could be called
alive. There is no successful experimental work done yet towards this goal. It has been said

that metabolism is the stepchild in the family of bottom-up approaches (Szathmary, 2005).

It is commonly accepted that a minimal cell has to have some form of metabolism,

genetic replication from a template and membrane production (Szathmary, 2005).

To better analyse the state of art of the minimal life concept, this section is divided in
two: minimal genomes are explored first, along with the excitement they have generated in
modern biotechnology; after, the concept of minimal metabolism (the set of essential

biochemical reactions for life), more neglected also due to technical restrictions, is reviewed.



2.1.1 Minimal Genomes

The minimal genome concept is being refined over the last few years, since synthetic
biology came to scene in life sciences, presenting new prospects in genome’s synthesis de
novo. Defining and understanding a functional minimal genome is a contextual task, since each
species has its own set of genes providing the functions that allow that species to live well
adapted in its environment, and play its role in its ecosystem. So if the aim is to design the
simplest genome possible for life to happen, one would be dealing with an organism
resembling a Prokaryote (simplest life forms known); but designing the simplest plant cell
possible for the high yield photosynthetic-based production of a eukaryotic bio-product would
probably be much harder. Designing the minimal genome required for rational intelligence, in
the most extreme point of view, was not an easy task for evolution. Homo sapiens possesses a
complex genome with a small set of protein-coding genes — only 1,5% (Lander et al, 2001); it is
well known, however, how important are the huge amount of RNA-coding and regulatory
sequences for a correct expression of genes. From another side, our survival and life quality is
totally dependent on other species’ life, in several aspects, from plant’s photosynthesis and
nitrogen fixation to intestinal microbial flora balance, to name just a few. Regarding this,
establishing a conceptual minimal genome would completely depend on the functions desired
for that genome, its life context and independence in habitats. A great barrier lies between the
applied use of minimal genomes in biotechnology, or its investigation in basic life sciences
aiming to understand life itself and its origins. High-tech cultures of microbes producing
interesting compounds are advanced life forms totally dependent on one of the most complex
forms — human life; these artificially engineered bacteria, even with a minimal genome, would

probably be far away from the unknown cells that appeared when life began on Earth.

Imagination could drive us to the most amazing living machines with minimal genomes
directed to numerous important applications, as bioremediation, drug and food production,
and so on. But the technology required for synthesizing DNA still constrains these possibilities
a lot. Going to the bottom question, the minimal genome is indeed seen today, realistically, as
the minimal prokaryote genome able to grow, reproduce and evolve in a basic environment.
So far, a living cell has not yet been synthesized from non-living matter. “How far can we push
chemical self-assembly?” has recently been postulated as one of the big 25 questions in

science for the next 25 years (Service, 2005).



2.1.1.1 Important steps in designing a minimal genome — Theoretical and experimental

approaches

The ‘minimal genome’ approach usually aims to estimate the smallest number of
genetic elements sufficient to build a modern-type free-living cellular organism (Mushegian,
1999). Establishing a minimal genome can cross different fields of Biology as Comparative
Genomics, Genetics and Biochemistry, and Systems Biology. One of the first theoretical studies
identifying a small set of essential genes used the first two sequenced genomes (Haemophilus
influenza and Mycoplasma genitalium) to infer the number of approximately 256 genes as
close to a minimal genome capable of producing a modern free-living organism (Mushegian &
Koonin, 1996). On 16 June 2011, NCBI reported 1646 prokaryotic genomes fully sequenced
(112 archaeal, 1534 bacterial), and one of the smallest that can be grown in axenic culture
remains the second that has been sequenced — Mycoplasma Genitalium (Galperin, 2006). This
feature adds to many others making this a reasonable model-organism to the study of the
minimal genome — it is a wall-less prokaryote with a small genetic redundancy and an obligate
parasite requiring small adaptive capacity. A recent study used transposon mutagenesis to
systematically disrupt genes to improve the pre-existing knowledge about the number of
minimal genes of M. genitalium (Glass et al, 2006). This study hypothesized that 387 protein-
coding and 43 structural RNA genes could sustain a viable synthetic cell, not accounting for the
synergistic effect that can possibly happen with several mutations. Other studies have used
mutagenesis to inactivate, one by one, bacterial genes, establishing which of those are
indispensable for growth in controlled conditions. Bacillus subtilis appears to need only ~271
genes which fall in relatively few but large categories: information processing, cell envelope,
shape, division, and energetics (Kobayashi et al, 2003). In the latter study the authors
demonstrated almost total conservation of these so-inferred essential genes among bacteria
but also high conservation in eukarya and archaea (70%); also important were the discoveries
about non-expected essential genes (Kobayashi et al, 2003). The comparisons were based
solely on presence of genetic sequences (orthologs) in genomes. Escherichia Coli has also been
target for similar studies (Gerdes et al, 2003), as well as Buchnera aphidicola, one

endosymbiont of insects (Gil et al, 2002).

Mutagenesis studies test only for the need of one gene at the time, so saying that the

non-indispensable genes in this manner constitute by themselves the essential set might be



pretty reductive: double or triple mutations can have a synergistic effect, while their respective
individual mutants are viable; also, the long-term survival is usually not experimented. By
another side, these results also provide “false essentials” due to the genes that were not
mutated on the screen, creation of toxic partial complexes or pathways, unexpected effects of
neighbour-genes, etc. Here Systems Biology and Synthetic Biology come to scene; both
computer models and simulations and biotechnology are improving very fast, making possible

today to test for the viability of altered genomes —in silico or in the lab.

2.1.1.2 Advances in large DNA sequences synthesis — How close are we to produce a

minimal cell?

The technology for synthesizing DNA has suffered a tremendous progress in the last
three decades. Since the total synthesis of a 207bp-long gene (a biologically functional tyrosine
suppressor transfer RNA gene) in 1979, by Khorana’s team (Sekiya et al, 1979), important steps
have been taken. The chemical synthesis of the poliovirus full-length cDNA (~7440bp) (Cello et
al, 2002) was probably the most important following mark, in 2002; it took many months to
achieve, through a complex process. In the next year, 2003, Craig Venter’s group was able to
synthesize the complete infectious genome of bacteriophage ®X174 (5,386bp) from a single
pool of chemically synthesized oligonucleotides, in just two weeks (Smith et al, 2003), taking
minimal genomes’ synthesis to another level. However, viruses are not considered living-
beings, so the serious advance was taken in 2008, by the same group, with the total synthesis,
assembly and cloning of a Mycoplasma genitalium genome (Gibson et al, 2008). With 582
970bp, this genome was built from ~104 synthetic oligonucleotides each one with ~50
nucleotides; many errors can occur in the pathway to achieve such a goal, but this work brings

new promises in dealing with previously-thought hard difficulties in Synthetic Biology.

Until then, large in vitro DNA assemblies have used type IIS restriction enzymes that
create unique sticky ends on the components of the assembly, which are then joined by
ligation; however with large pieces, it is increasingly difficult to find a type IIS enzyme that
does not cleave within the piece. The astonishing work used in vitro recombination of overlaps
between the ends of the fragments to be assembled, not depending on such enzymes and

constructing the first synthetic genome (Gibson et al, 2008).



2.1.2 Minimal Metabolisms

The concept of minimal metabolism has been long neglected compared with the
concept of minimal genome. In fact, metabolism, comprising all the chemical modifications
made by the cell, is one of the most flexible elements of it - many alternative pathways exist to
achieve a specific metabolic goal. Particularly, ATP can be synthesized using a variety of

methods (Henry et al, 2010).
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The interest that industrial biotechnology has in synthesizing minimal life goes beyond
the scientific and theoretical goal of designing the minimal living entity possible; for industrial
applications, the desirable would be to achieve a high-yield organism (in biomass or
bioproduct production) at the expense of the cheapest, minimal medium. In fact, Mycoplasma
genitalium is seen as close to a minimal cell as it has the smallest genome capable of being
grown in pure culture, but Escherichia coli, with a genome eight-times bigger, grows fifty-
times faster. This is due to the more efficient metabolism of the latter. So, which would be
preferable to be used in Biotechnology processes? Also, being E coli the model bacterium in
life sciences, the extended knowledge already available for its metabolic pathways and other
physiological processes would certainly help a lot in perceiving the minimal functionalities

required for life. In this manner, a minimal cell could be designed, not with the base of the



“minimum number of genes” but the minimum number of desired functions, which is still
poorly explored. There’s no sufficient technology to produce a mutant for all the non-essential
genes hypothesized, for example, in E. coli, although many advances have been achieved with

transposon-deletion techniques (Goryshin et al, 2003).

One can also analyse the minimal metabolism of the minimalistic organisms for
minimal genomes analyses. See Fig. 2 for the COG (clusters of orthologs groups) classification
of proteins of insect endosymbionts, including the prokaryote with the smaller genome known
to date, Carsonella ruddi, which has a single circular chromosome of 159,662 base pairs
(Nakabachi, 2008). It is notorious the importance of translation and amino acid metabolism in
all endosymbionts, but it is also significant to notice that, for being a symbiont, Carsonella lost

important metabolic features as cell envelope, coenzyme and nucleotide metabolism.

2.1.2.1 The study of minimal metabolism in silico

A minimal gene-set obtained from the comparison of two small genomes
(Haemophylus influenzae and Mycoplasma genitalium (Mushegian & Koonin, 1996)) motivated
one dynamic, in silico study of metabolic viability of a minimal cell (Chiarugi et al, 2007). The
authors refined the gene set to obtain a virtual cell that was proven to live in silico (ViCe)
although they make the reservation that it remains to be tested experimentally. ViCe includes:
a complete glycolytic pathway coupled with the synthesis of ATP through the ATP
synthase/ATPase transmembrane system; a Pentose Phosphate Pathway; enzymes for
glycerol-fatty acids condensation (but no pathways for fatty acids synthesis that need to be
taken from the outside); “salvage pathways” for nucleotide biosynthesis (thymine is the only
nucleotide the cell is able to synthesize de novo); a proper set of carriers for metabolites
uptake; the necessary enzymes for protein synthesis, and the whole machinery necessary for
DNA synthesis is also included in ViCe. Notoriously, this is an attempt to build a true minimal

cell that is totally dependent on a rich medium.
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The limitations of comparative genomics in identifying minimal metabolic features
have been recognized by the authors of another in silico study of a minimal metabolism
(Gabaldon et al, 2007) — they recognize that comparative genomics yields sets of genes with
few representatives of metabolic enzymes; another important point recognized by these

authors is the relevance of the medium for the studied minimal cell.
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In silico whole cell metabolic models have advanced fast in the last few years, and they
are certainly a way to overcome certain experimental wet lab limitations (See Section 2.3 —
Systems Biology and Genome-Scale metabolic models). The previously referred two works
have relied on in silico metabolic modelling. Another important work should be referred in this
context that used one Escherichia coli in silico whole-cell model (Edwards & Palsson, 2000a) to
predict cell viability in minimal and complex media (Burgard et al, 2001). However, it has been
criticized that this analysis should be repeated in a pan-genomic metabolic network, which

implies the utilisation of other strains of E. coli (Henry et al, 2010).

The only work that compared predictions of different GENREs to infer minimal
metabolic features was directed to the identification of autocatalytic components of metabolic
networks (Kun et al, 2008); the authors also related the results of their work with the

properties of ancestral networks.

2.1.3 Limitations and Prospects

Comparative Proteomics and Systems’ Biology are coming together to understand
what is common to all life forms and what is essential to each one of them — therefore
approaching the theoretical, minimal cell. By another side, the great amount of high-tech
experiments with Synthetic Biology (Cello et al, 2002; Gibson et al, 2008; Smith et al, 2003)
opens gates to next-century experiments, which could connect to these more theoretically-
sustained minimal cells. The importance of the context — the habitat where the cell grows and
lives, believed today to influence strenuously the genome’s behaviour — and the genome’s
behaviour and reach — (today seen much more organic than last century Biology predicted
with the rigid central dogma) are parameters not well discussed today when the minimal
genome’s concept is reviewed. In Fig. 3 the major omics datasets are represented and is
evident the control of the genome over other levels of information; one can see that the
central dogma of biology has no longer signification in this context — the genome encodes
proteins by mRNA, and proteins deal with metabolites; but metabolites act on proteins and
DNA per se, being toxic or beneficial; without the necessary nutrients cell can’t grow and

divide and will not live anymore.
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Fig. 3 — Major relationships between different omic datasets and the integration of Systems Biology and
Bioinformatics. Metabolomics represents the ultimate level of information inside cells

If the aim is to design a minimal genome to the production of interesting compounds,
one may be losing time and money using Mycoplasma genitalium—based minimal genome; it is
defended today that putting foreign sequences in E coli would retrieve much higher yields with
much smaller costs. This is the point where we start to understand that the minimal genome is
so conceptual, that the primary approaches should probably be much more science-based and
technology directed in a bottom-up approach. Understanding the genome’s minimal functions
and their relationships (as proteins function in complex networks) capable of sustaining life is a

goal for next century Biology.

13



2.2 Primordial life and metabolism - first natural minimal

networks in the light of Systems Biology

2.2.1 - Origin of Life - Generalities

Archebiosis: origin of living things from not-living materials

«[...] I should like to live to see Archebiosis proved true, for it would be a discovery of
transcendent importance; or, if false, | should like to see it disproved, and the facts
otherwise explained; but | shall not live to see all this»

Charles Darwin, Letter to Wallace. August 28, 1872

The Origin of Life is a totally obscure field in Science. While scientists and more
recently bioengineers are trying to assemble life in vitro from its complex parts, they still don’t
know how it originated first in nature. Postulating the question in another way, the chemical
laws and contexts that made appear the simpler prokaryotes from non-living matter are
unknown. This question has generated great controversy, both inside the scientific community
but also from the outside (Pereto, 2005). Modern evolutionary biologists have been proving
Darwin’s theory by several means, confirming that the first species reproduced and
continuously evolved in a network of species (represented more commonly as a tree, the Tree
of Life) ultimately giving way to modern species that we can observe today. However, it’s not
proved how life could evolve from non-life. The discovery of the first viruses brought the
proposal that they would represent the missing link in the origin of life (Haldane, 1929).
However, it has been shown that viruses cannot be included in the tree of life for some
reasons that are worth of attention: viruses are polyphyletic (they have various evolutionary
origins); their infection of distant hosts does not imply antiquity; some of them have metabolic

and translation genes but these were proved to have been acquired from hosts (Moreira &
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Lopez-Garcia, 2009). Viruses are accepted today as a reflection of a concept for long neglected
— regressive evolution, the major process of parasite evolution. However, it remains to be
explored the parasitic nature of viruses as a resemblance of an ancestral domination by RNA
and/or DNA molecules of protein networks that might have been encapsulated with ribosomes

and tRNA.

Did life start with replicative molecules, or a primitive auto-catalytic metabolic
network? What we know for sure is that it started for long ago, at least before 3.5 billion years
ago (See Fig. 4 and (Battistuzzi et al, 2004)). There is very little geological and fossil information
from that period in Earth history, as plate tectonics is very dynamic considering these time
spans. Biologists need to gather up with geologists and geochemists to understand what was
going on chemically on Earth in the period of time when we know life begun. An excellent
review on that matter was (Nisbet & Sleep, 2001). It is commonly assumed that early
organisms inhabited an environment rich in organic compounds that was spontaneously
formed in the prebiotic Earth. This theory is frequently referred to as the Oparin—Haldane
theory or heterotrophic origin of life. Minimum biosynthesis is accepted within this theory; the
first living systems would have originated directly from the primordial soup and evolved
relatively fast up to a common ancestor, usually referred to as LUCA (Last Universal Common
Ancestor). Defining the nature of LUCA is one of the central goals of the study of the early
evolution on Earth; several attempts have been made in this direction but the nature of this
common ancestor is still under debate (Fani & Fondi, 2009). It is not the purpose of this
dissertation to analyse the complex theories of the origin of life; instead we focus on minimal
metabolic networks that might have arisen first in the prebiotic environment and their

evolution to the extant metabolic networks.
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2.2.2 - Primordial metabolism

The different metabolic and ecological abilities of organisms dictate if their genetic
record prevails, or not, in species evolution. The question of how metabolic and genetic
functions got so intricately intertwined in a common ancestor was considered fundamental to
Biological sciences (Pereto, 2005). Miller and Urey proved with their famous experiment that
amino acids can form under conditions that resemble primitive Earth (Miller, 1953). A recent
experiment also showed how RNA pyrimidine ribonucleotides can form in prebiotic conditions

(Powner et al, 2009).

It is assumed that in an early Earth populated with prebiotic chemical systems based
on minimal metabolism, the depletion of essential nutrients imposed a selective pressure in
these “micro-systems” to be able to synthesize those nutrients (Fani & Fondi, 2009).
Therefore, the evolution of metabolic pathways represents a crucial step in molecular and
cellular evolution. In fact, metabolism is one of the most conserved cellular processes; it is
recognized that very little is known about how the chemistry of primitive enzymes arose
(Perez-Jimenez et al, 2011) and which were the first enzymes appearing. However, it has been
shown that enzymes were active on earth already around four billion years ago (4.000.000.000
years, more or less 62 times the time passed since dinosaurs’ predicted extinction, 65.000.000

years ago).

In today’s life forms, enzymes act in complex networks. The approach to such a
complex question as how were constituted these networks first must be systematic; one way is
to analyse extant networks, of organisms that live today, trying to minimize their features
while they are still living. A Systems Biology computational approach analysed, recently,
theoretical properties of inferred prebiotic networks (Shenhav et al, 2005). The authors
concluded that molecular ensembles with high complexity may have arisen very early in life’s

evolution.

Comparative analysis of the metabolism has the potential to study ancestor’s
metabolic networks; however, the state of the art in metabolic network alignment is still

incipient compared to genetic alignment (see Section 2.5).

Systems Biology Genome-scale metabolic reconstructions (GENREs) are representative

of essential metabolism for cell growth and division. In this work the power of these new tools
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to infer minimal/common metabolic essential reactions that might reflect ancient important
steps in metabolism evolution was analysed. The identification of these central enzymes or
“hubs” can also be important for other evolutive studies, for example with comparative
genomics, as the already referred breakthrough work published in Nature this year (Perez-
Jimenez et al, 2011). More than reconstructing the sequences of thioredoxins as ancient as 4
billion years old (see Fig. 4 and notice how early in life’s history enzymes were already existant
and active); the authors also reconstructed these and tested them in the laboratory. These
enzymes were shown to be highly resistant to Temperature and low pH, concordantly with

what is known from Earth’s environment at that time (Perez-Jimenez et al, 2011).

2.3 Systems Biology and Genome-Scale Metabolic Models

In the last couple of decades, Life’s Sciences and Technologies have improved
exponentially, in a cyclic, mutually dependent way. The advances in Biotechnology have
opened way to fast and high-throughput experimental results. A recent and excellent review
shows how the era of the new “-omics” is confirmed (Joyce & Palsson, 2006); the recently
established Systems Biology should deal with the disciplines comprised in it (see Table 1).
Systems Biology is seen today as non-converging with classical Biology, as it can discover its
own fundamental quantitative laws, approaching physics as a science (Westerhoff et al, 2009);
metabolic networks constitute one of the preferential fields for Systems biology, especially in

the case of the relatively simple prokaryotic organisms.

Metabolic engineering followed up Systems Biology development closely, but it is also
accepted that the power of available molecular biological techniques was, in the beginning of
the last decade, very far from the ability to rationally analyze biochemical networks
(Stephanopoulos, 1994). We started by knowing a lot about individual enzymes, metabolites,
reactions and genes; on the other side, we couldn’t study their interactions, regulations and
dynamics in a whole system. This is starting to be possible with many biotechnological tools,
among which the use of pure mathematics and bioinformatics to describe systems; these are

essentialities of Systems Biology, and of Metabolic Engineering for a long time.
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Table 2 — Omics data types and examples of databases

Data type Online database Web page address Features
Genomics Entrez Genome | http://www.ncbi.nlm.nih.gov/sites/genome | Information on genomes including
Database maps, chromosomes, assemblies,
and annotations
Ensembl http://www.ensembl.org/index.html Software system; produces and
maintains automatic annotation on
vertebrate genomes
Ensembl Genomes http://www.ensemblgenomes.org/ Ensembl sister Project for non-
vertebrate genomes
Genomes Online | http://www.genomesonline.org/ Complete and ongoing genome
Database projects, as well as metagenomes
and metadata
ENA genomes server | http://www.ebi.ac.uk/genomes/ Repository of completed genomes
Microbial  Genome | http://mbgd.genome.ad.jp/ Japanese database for comparative
Database (MBGD) analysis of completely sequenced
microbial genomes
Proteomics ExPASy Proteomics | http://expasy.org/ Sequences, structures, and 2-D
Server PAGE analysis
PRoteomics http://www.ebi.ac.uk/pride/ Public repository for protein and

IDEntifications
database (PRIDE)

identifications and
supporting these

peptide
evidence
identifications

Global Proteome
Machine Database

http://gpmdb.thegpm.org/

Database constructed to validate
the peptide MS/MS spectra as well
as protein coverage patterns

Transcriptomics

Gene Expression
Omnibus

http://www.ncbi.nlm.nih.gov/geo/

Public functional genomics data
repository; tools available to query
and download experiments and
curated gene expression profiles

Stanford Microarray
database

http://smd.stanford.edu/

Data from microarray experiments,
and the corresponding image files

ArrayExpress Archive

http://www.ebi.ac.uk/arrayexpress/

Database of functional genomics
experiments

Lipidomics LIPID Metabolites | http://www.lipidmaps.org/ Free, comprehensive genome-scale
And Pathways lipids database
Strategy (LIPID
MAPS)

Localizomics Pathway Localization | http://pathloc.cbi.pku.edu.cn/ Repository of subcellular

database (PathLocdb)

localizations of metabolic pathways
and their participant enzymes

Yeast GFP Fusion | http://yeastgfp.yeastgenome.org/ Global analysis of  protein
Localization Database localization studies in S. cerevisiae
Metabolomics The Human | http://www.metabolomics.ca/ Database  containing  detailed

Metabolome Project

information about small molecule
metabolites found in the human
body

Metabolomics Fiehn
Lab Databases

http://fiehnlab.ucdavis.edu/db/

mass spectra, retention indices,
structures and links to external
metabolic databases for over 1,000
identified compounds

GENRE’s

BiGG

http://bigg.ucsd.edu/bigg/home.pl

Knowledgebase of Biochemically,
Genetically and Genomically
structured genome-scale metabolic
network reconstructions
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Metabolic engineering designs new metabolic potentials or improves existing ones for
existing cells through the construction of mathematical models (Fig. 5); when these models are
too complex (many reactions involved) the computer is used to facilitate calculations, so it is

called an in silico model (Patil et al, 2004).

1. Annotated Genome &
Pathway/Reaction 2. Bibliographic
databases Databases

Collection of enzyme activities and specificities
Extraction of stoichiometric equations
Assignment of reaction reversibility
Determination of enzyme localization in compartments
Determination of metabolite transports
Determination of biomass equation

Genome-scale
Metabolic
model

4. Checking internal
consistency through
continued wet/dry
lab cycles

3. Validation and curation
with experimental data

Fig. 5 — Steps in the construction of a genome-scale Metabolic Model.

Although the knowledge of the regulatory functions (genetic and through protein
interactions) is still in its beginning, the topology of the biochemical network of metabolic
reactions (enzymes, metabolites and their interactions) is very well characterized, in genome-
scale models, for example for Escherichia coli (Edwards & Palsson, 2000a; Feist et al, 2007;
Reed et al, 2003; Vickers et al, 2011) and yeast (Duarte et al, 2004; Forster et al, 2003;
Nookaew et al, 2008). Many biological networks are described as scale-free, which means their
topology is dominated by a few highly connected nodes (hubs) which link the rest of the less
connected nodes to the system (Jeong et al, 2000); however, hierarchical structures have been
proved to be best suited for capturing most of the features of metabolic networks (Ravasz et

al, 2002) (Fig. 6); in hierarchical networks, there is a scale-free topology with embedded
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modularity. In both kinds of networks any two nodes in the system can be connected by
relatively short paths. Due to this interconnected nature of metabolic networks, all steps in the
metabolism can (in principle) influence all other steps. Therefore, understanding, simulating
and predicting both dynamic and steady state operations of metabolic network are challenging

tasks.

Scale-free network Hierarchical network

Fig. 6 — Different topologies of biological networks. Scale free networks follow a power law-like distribution.
Hierarchical networks allow hubs and modular structures to be embedded in the scale-free topology.

2.3.1 Building a genome-scale metabolic model

To date all of the genome-scale metabolic models have been built manually in a four-
step process (Oberhardt et al, 2009) (Fig. 5): (1) Initial reconstruction built from gene
annotation data coupled with information from databases that store various enzyme data such
as ligand molecules (cofactors, substrates, products, inhibitors and activators), reaction
formulae and metabolic pathways: KEGG (Kanehisa et al, 2006), EXPASY (Gasteiger et al, 2003),
BRENDA (Chang et al, 2009), EcoCyc (Keseler et al, 2009) etc; (2) examination of the primary
literature to improve the initial reconstruction and conversion of all the knowledge achieved to
a mathematical model (that will be possible to analyze with a constraint-based approach — see
next chapter); (3) validation of the model through comparison of its predictions to phenotypic

information; (4) submission of the model to continued wet/dry lab cycles improving its
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accuracy and testing hypotheses. Flux balance analysis is the basis of the constraint based

approaches able to deal with genome-scale models.

2.4 Flux Balance Analysis in genome-scale metabolic modelling

Two main categories of techniques exist to analyze metabolic models -
kinetic/mechanistic and stoichiometric; however, the last one was obligatory to deal with
genome-scale models until very recently (Smallbone et al, 2010). This happens because kinetic
models take in consideration all the parameters for each of the enzymatic reactions in the cell,
and in fact, one reaction can have several kinetic parameters (Smallbone et al, 2007), and even
in the best-understood organisms the majority of kinetic parameters remain undetermined
(Terzer et al, 2009). The way metabolic engineering found to deal with the problem was by
using mathematical constraints that don’t change much over time and are much easier to
identify than kinetic parameters. Constraint-based methods use physicochemical constraints
such as mass balance, energy balance and flux limitations, basic concepts in metabolic
engineering (Stephanopoulos, 1998). For further understanding these approaches, it is
indispensable to define clearly the term “flux”. In metabolic context, flux for a certain reaction
refers to the amount of substrates processed (or products produced) per unit time, for
example, ethanol produced per unit time per unit biomass. The integrated effect of fluxes in
the course of different reactions in a network has as a consequence the phenotype of the cell.
As all of the constraints on a cellular system are never completely available, multiple steady-

state solutions are possible, so there is the need to identify a biologically viable steady state

(Fig. 7).

Flux Balance Analysis (FBA) is one of the techniques used to predict phenotypes from
network reconstructions; through stoichiometric constants, it employs a linear programming
(LP) strategy to generate a flux distribution that is optimized toward a particular so-called
objective/ phenotypical goal (See FBA — Foundations of the Technique — step IV). This strategy
was introduced on the basis of the Darwinian principle that states organisms’ optimization

during evolution (Ruppin et al, 2010; Varma & Palsson, 1993a).
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Fig. 7 — Mathematical calculation of flux distributions (solution spaces) and optimal fluxes (optimal solutions)
requires the definition of constraints

Without constraints any distribution of the three fluxes is possible within the solution space. When constraints are
applied (as the stoichiometric matrix S or cell capacity constraints (flux upper and lower bounds) a feasible solution
space is defined. When an objective is defined (e.g. maximum growth rate, maximum ATP production) an Optimal
Solution (optimal flux distribution) can be identified.

In the last few years flux-balance analysis (FBA) has been the most successful and
widely used technique for studying metabolism at system level (Braunstein et al, 2008) as it
makes possible to predict the biomass yields of organisms or the product yields for a
biotechnologically important metabolite (Orth et al, 2010) easily. Table 2 (adapted from
(Kauffman et al, 2003)) shows some of the main events in the history of the development of

this technique.
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Table 3 - Significant events in the development of the FBA technique

Year Significant events in FBA History Reference
1984 Papoutsakis used linear programming to calculate maximal (Papoutsakis, 1984)
theoretical yields
1986 Fell and Small used linear programming to study lipogenesis (Fell & Small, 1986)
1990 Majewski and Domach studied acetate overflow during aerobic (Majewski & Domach,
growth 1990)
1992 Savinell and Palsson performed detailed analysis and development (Savinell & Palsson,
of FBA theory 1992a; Savinell & Palsson,
1992b)
1993 Varma and Palsson used FBA to describe E. coli properties (Varma et al, 1993b;
Varma & Palsson, 19933;
Varma & Palsson, 1993b)
1997 Pramanik and Keasling studied growth rate dependence on biomass (Pramanik & Keasling,
concentration 1997; Pramanik &
Keasling, 1998)
2000 Edwards and Palsson carried out a gene deletion, phase plane, (Edwards &  Palsson,
robustness study of E. coli 2000a3; Edwards &
Palsson, 2000b)
Lee et al. identification of alternative optima (Lee S, 2000)
Schilling et al. integrated FBA with extreme pathway analysis (Schilling et al, 2000)
2001 Burgard and Maranas examined performance limits of E. coli and (Burgard & Maranas,
minimal reaction sets 2001)
Covert, Schilling and Palsson added regulatory constraints to FBA (Covert et al, 2001)
models
2002 Papin et al. studied network redundancy in Haemophilus influenzae (Papin et al, 2002)

(alternate optima)

Ibarra, Edwards and Palsson looked at adaptive evolution of E. coli
Mahadevan, Edwards and Doyle studied dynamic FBA

Beard, Liang and Qian considered the addition of energy balance
constraints to FBA

(Ibarra et al, 2002)
(Mahadevan et al, 2002)
(Beard et al, 2002)
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2.4.1 Flux balance analysis: Foundations of the technique

One very recent, complete review, explains in a very user-friendly way how to prepare
a Flux Balance Analysis in silico experiment (Orth et al, 2010). The steps explained in the next

paragraphs are based on this review, with more information added.

2.4.1.1 Model Construction/System definition

All of the metabolic reactions and metabolites should be defined and included in the
model. Although the pathways will be regulated, depending on the environmental context
with the definition of only a subset of reactions happening at the time, FBA doesn’t take in
consideration the regulation explicitly (Kauffman et al, 2003). Another important consideration
at this point is the inclusion of all the transport mechanisms (or exchange reactions) —
compounds that diffuse through the membrane, pores in the membrane or active transports

across the membrane.

2.4.1.2 Mathematical representation

All the reactions previously defined are now put into a stoichiometric matrix (normally
labelled S); each column represents a reaction, each row represents a metabolite. An extra
column can be added to represent the biomass production, for example. The flux vector is

normally labelled v, and represents the unknown flux distribution to be determined.

2.4.1.3 Mass Balance

Flux balance analysis considers the cell as in steady state, which allows the equality
S.v=0 (1)

that automatically constrains the solution space (Fig. 7 and Fig. 8) and defines a system
of linear equations. The key challenge here is that most of biological systems contain more

reactions than metabolites (Gianchandani et al, 2010), which makes them undetermined. So at
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this point, the model contains an undetermined system of linear equations. One way to obtain

additional constraints is to define upper and lower bounds for some fluxes (Fig. 7)

A =—vl-v2+v3+hl

dr
d—B:v1+v4—b2

dt
d—c:vz—v3—v4—b3
dt

vl
v2
0 1 0 073
1 o -1 o|va|lV
-1 0 o0 -1|&
b2

Fig. 8 — Initial steps for FBA (Based on (Kauffman et al, 2003)). A model System with three metabolites, A, B and C
is represented. Internal fluxes are vi and external fluxes are bi. All the flux mass balance equations are represented
both in a system of equations and in the matrix form. At steady state the variation of concentrations of each
metabolite is zero, the equation S.v=0 is possible; notice that the length of V is bigger than the number of columns
in S, which makes this an undetermined system at this point.

2.4.1.4 Optimization/ Definition of the objective function

Optimization is the alternative used by FBA to estimate one exact internal flux
distribution of the cell. This is done assuming that the metabolism of the cell is optimized to a
certain objective. This opens a lot of doors, allowing questions like ‘what are the fluxes when
the cell wants to reproduce the maximum it can?’ Or ‘which are the larger fluxes when the cell
is optimized to produce a certain antibiotic, and is it possible to enhance that reaction to

improve the process income?’

If the objective function defined is linear, the optimization problem becomes then a
Linear Programming (LP) problem (Kauffman et al, 2003); FBA simulations that used growth
flux/biomass equation as the objective function have been proven to be consistent with

experimental data (Edwards et al, 2001; Ibarra et al, 2002; Segre et al, 2002).
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The objective function Z can be described by the equality:
Z=c'v (2)

where ¢ is a vector of weights for each of the fluxes v that defines how each
individually contributes to the objective. In the case of biomass being the objective function, Z
is equal to the flux of this reaction only (the other coefficients in the vector are zero). Other
objective functions have been used in literature, as maximizing ATP production (not only for
bacteria (Teusink et al, 2006) but also for a myocardial model (Luo et al, 2006) and
mitochondrial models (Ramakrishna et al, 2001; Vo et al, 2004)), maximizing or minimizing the
production of a particular metabolic product (Blank et al, 2008; lzallalen et al, 2008; Lee et al,
2007; Portnoy et al, 2008; Varma et al, 1993a) and maximizing or minimizing the rate of

nutrient uptake (Cakir et al, 2007; Kim et al, 2007).

2.4.1.5 Flux Calculations by Linear Programming

The flux distribution that optimizes the objective function is identified with Linear
Programming within the space of allowable fluxes. The point that corresponds to the desired
flux distribution is situated on an edge or corner of the solution space. It is often possible that
more than one solution leads to the optimization of the objective function. In this case such
alternate solutions can be identified with FVA (Flux variability analysis) a method derived of
FBA that maximizes and minimizes all the reactions in the network (Mahadevan & Schilling,
2003); another way to deal with this problem is using MILP (mixed-integer linear

programming-based algorithm) (Lee S, 2000; Phalakornkule et al, 2001).

2.4.1.6 Computational resources

To analyze the huge amount of information in a genome-scale metabolic model
(hundreds of metabolites and thousands of reactions), strong computational resources and
statistical techniques are needed. The COBRA Toolbox (Becker et al, 2007) is a freely available
Matlab toolbox that can be used to perform a variety of FBA-based methods. Another software
relatively simpler than Matlab has been used for FBA calculations — R, a statistical computing

free software (R Development Core Team, 2009). Recently, a Portuguese team within the
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authors group developed OptFlux, a user-friendly, free and very complete software for FBA
calculations (Rocha et al, 2010); in the paper of the release a complete table compares this

tool with other available tools (Rocha et al, 2010), including COBRA.

2.4.2 After basic FBA: 21 generation FBA models

The basic FBA approach has several limitations. It is only suitable for steady-state
predictions, and as a result it doesn’t predict metabolite concentrations. Also, usually it
doesn’t take in consideration regulatory effects that can suffer a high impact after single
mutations and even more in a synergistic multiple-mutant. Basic FBA may not be sufficient to
study minimal metabolism, and the improvements/extensions it has suffered were worth a

review for possible directions to take in the practical course of this thesis.

2.4.2.1 Determining fluxes in mutants - MOMA and ROOM

One of the earliest extensions of FBA was the development of the Method of
Minimization of Metabolic adjustment — MOMA (Segre et al, 2002). This innovative approach
guestions that the assumption of optimality for a wild-type microbe is acceptable, but the
same argument may not be valid for genetically engineered knockouts or other bacterial
strains that were not exposed to long-term evolutionary pressure. MOMA is based on the
same stoichiometric constraints as FBA, but relaxes the assumption of optimal growth flux for
gene deletions. In this manner, MOMA states that the knockout mutant should display a
suboptimal flux distribution, an intermediate between the wild-type optimum and the mutant
optimum (Fig. 9). Classical FBA would assume the knock-out optimum, but MOMA calculates
this intermediary state, the flux minimal response to the perturbation, which requires

guadratic programming (QP).

Gene knockout simulations based on MOMA were experimentally proved being
capable of refining candidate mutations for increasing the production level of lycopene, an
efficient anti-oxidant compound in E. coli (Alper et al, 2005). MOMA can be, in this way,

particularly relevant for characterizing initial transient behaviour after gene manipulation
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(illustrating this hypothesis, MOMA predicts point c in Fig. 9, but it is expected that the cell will
adapt to reach the point b).

FEA of knockout
(optimal)

FEA of wild type

/ (optimal)

abjective
funetion

al

Feasible
space of

wild

Y

w2

Fig. 9 — Schematic representation of the feasible solution space for the flux distribution of wild type and knockout
strains, with MOMA suboptimal solution. Wild type - light+ dark grey; knock-out - dark grey. Coordinates are two
arbitrary representative fluxes. Black lines -objective function; a — optimal FBA LP prediction for WT; b — optimal
FBA LP prediction for knock-out; ¢ — alternative MOMA knock- out solution calculated through Quadratic
Programming, also the projection of the FBA optimum into the feasible space of the mutant. The b and ¢ points are
in general distinct. Adapted from (Segre et al, 2002).

ROOM (regulatory on/off minimization) is a recent development of FBA for mutant
strains that identifies the metabolic flux state by minimizing the number of significant flux
changes from the wild-type flux distribution (Shlomi et al, 2005). The significance is defined by
a set of threshold values the user specifies, considering manageable computation time. ROOM
allocates a cost to the expression of a gene and finds the feasible flux distribution with a
minimal number of Boolean flux changes from the flux distribution of the wild-type strain. The
resulting optimization problem involves mixed integer linear programming (MILP). ROOM
accurately predicted the post-adaptation states (flux distribution after a significant period of

time) for E. coli metabolism (Shlomi et al, 2005).

ROOM shares with MOMA the calculation of a flux distribution for mutants based on a
minimal adjustment metric. The main difference between these two approaches is in the

motivation behind them: MOMA has a mathematical origin in the formulation of a minimal
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response to perturbations, while ROOM uses a more qualitative, biological approach to control
gene expression, assuming that a cell, in the long run, tries to minimize the number of

significant flux changes (Terzer et al, 2009).

2.4.2.2 Considering the evolution of fluxes with time - DFBA

Dynamic Flux Balance Analysis (DFBA) (Mahadevan et al, 2002) presents a new analysis
frame for the quantitative study of the dynamic reprogramming of metabolic networks; it’s
more quantitative than rFBA. DFBA was introduced in two distinct formulations, a dynamic
optimization approach that required solving a nonlinear programming (NLP) problem, and a
static optimization approach that required solving an LP problem (Mahadevan et al, 2002). The
NLP approach performs a single optimization spanning the time period of interest and vyields
temporal profiles of fluxes with correspondingly metabolite concentrations (Mahadevan et al,
2002). The static approach separates the time window into uniform time intervals, solving at
the beginning of each interval one instantaneous optimization problem to predict the fluxes at
that time point, followed by integration over the interval to compute species concentrations

over time.

MOMA and DFBA were coupled in a more recent study (already referred as using the
maximum ATP production as the objective function) in a strategy called M-DFBA (Luo et al,
2006). The myocardial metabolic network was studied altering the objective function from
maximization of ATP production to minimization of fluctuation of metabolite concentrations
between normal and ischemic conditions. The results with the coupled techniques showed
greater consistency with experimental data than those obtained with DFBA alone, but also
supported the hypothesis that metabolic systems relapse to suboptimal states during transient

perturbations.

2.4.2.3 Including thermodynamic restrictions - EBA

Reaction thermodynamics were incorporated in an extension of FBA called energy
balance analysis (EBA) (Beard et al, 2002). EBA eliminates thermodynamically non-viable
results associated with FBA by incorporating energy-balance loop equations analogous to
Kirchhoff’s voltage laws for electrical networks(Beard et al, 2002). Equations balancing the
global potential energy of a network are overlaid on the underlying network stoichiometry,

and inequality constraints for each flux are also added to ensure that entropy production is
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positive for every reaction. EBA requires the solution of a nonlinear optimization problem that
estimates the growth rate and the intracellular metabolic fluxes. The resulting feasible solution
space is a subset of the space predicted by a traditional FBA; however, as it uses nonlinear
optimization, EBA doesn’t ensure an optimal solution. For E. coli metabolism it was shown that
the combination of energy balance analysis with FBA gave the same optimal growth rate, but
the observed fluxes were substantially different (Beard et al, 2002). The energy balance
analysis was also able to explain why certain genes that FBA identified as nonessential were in
fact essential — major changes were required in the observed fluxes to compensate for these

knockouts (Beard et al, 2002).

2.4.2.4 Including transcriptional regulation - rFBA

Gene regulatory constraints have already been incorporated into metabolic models,
leading to a modification of FBA called regulatory flux balance analysis (rFBA) (Covert &
Palsson, 2002; Covert & Palsson, 2003; Covert et al, 2001). These constraints were imposed as
Boolean operators representing temporary flux constrictions that arise due to a specific
environment (which genes are on or off in response to a specific signal); this kind of constraints
should be assimilated from literature and overlaid on an existing stoichiometric model of
metabolism (Covert & Palsson, 2003). rFBA predictions yielded 91% agreement with
experimental measurements for E. coli genome-scale metabolism, up from 86% for FBA

without the gene regulatory constraints (Covert & Palsson, 2003).

More recently, another extension of FBA called integrated FBA (iFBA) was developed
to build an FBA model of E. coli central metabolism (Covert et al, 2008). The integrated model
described biomass, 77 metabolites, 151 genes and 113 reactions, and it combined a kinetic
model of E. coli phosphotransferase (PTS) catabolite repression (Kremling et al, 2007) with an
rFBA model of the same system (Covert & Palsson, 2002). The resulting model had significant
advantages over either the rFBA or ODE-based models alone, particularly in predicting the

consequences of gene perturbation.
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2.4.3 Genome-scale FBA based modelling: Industrially and scientifically

interesting

FBA has a special application interest for metabolic engineering, as it can predict flux
distributions for various gene knockout or knockdown conditions, which allows the
identification of specific changes that may facilitate optimal by-product yields. The results can
then be used to engineer strains (e.g., through up- or down-regulation of target genes) that
have desired phenotypes. Several examples exist, some already referred. One, is a
photosynthetic algae, Chlamydomonas reinhardtii, that was analyzed by FBA simulation and
some changes in hydrogen production rates were correlated to some reaction knockouts
(Manichaikul et al, 2009). E. coli, as the preferred and first model organism for FBA (Edwards &
Palsson, 2000a) was also engineered to overproduce in high yields the amino acids threonine
(Lee et al, 2007) and valine (Park et al, 2007), lactic acid (Fong et al, 2005) and succinic acid.
(Lee et al, 2005)

Constraint-based models have been experimentally validated for prediction of E. coli
growth and by-product secretion (Edwards et al, 2001) but also for the prediction of the
outcome of adaptive evolution of laboratory strains(lbarra et al, 2002), with promising results.
In the latter innovative study it was shown that under growth selection pressure, the growth
rate of E. coli in glycerol evolved over 700 generations to achieve the in silico whole-cell model
predicted optimal growth rate(lbarra et al, 2002). These results are conclusive and can explain
why many times incorrect predictions of in silico models based on the optimizing of the
objective function may occur. As the optimal states are acquired through an evolutionary
process, the authors propose that the non-coincident results may happen because of
incomplete adaptive evolution under the conditions tested. This work opens way to the
research of possible adaptive evolved states predicted in silico and shows the powerful

application of FBA in Science as well as in Engineering.

Although its predictions may not always be accurate, Flux Balance Analysis (FBA) is still
the reference method for metabolic network analysis and simulation, especially in a large scale
as the one of genome-scale models. On its birth, FBA counted only with stoichiometric
constraints; since then, many other developments had been made, with the introduction of
genetic-regulatory, kinetic and thermodynamic constraints and the development of special
approaches to deal with genetically modified/non-adapted strains, among others. The

applications these developments have in the analysis of GENREs are vast. Furthermore, the
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Industry based on Metabolic Engineering can rely on predictions made by FBA to optimize the

production of several metabolites.

GENRE’s don’t apply only to bacteria; yeast has had quite the same attention by FBA
experiments, and at least one attempt of building one MILP-FBA human metabolic network
was already done (Shlomi et al, 2008), but there are several other models available

(Gianchandani et al, 2010).

Several improvements still need to be done to optimize the FBA technique, and the
development of the omics techniques makes promising statements in this area; for example,

microarray data was already integrated in an FBA model (Akesson et al, 2004).

Ideally, one would measure all the fluxes directly from the cell, but Fluxomics is one of
the poorest described fields in Systems Biology to date. MFA (Metabolic Flux Analysis) is
dedicated to this problem, measuring cellular fluxes with isotope-labelling and NMR, GC-MS
and LC-MS techniques. MFA has a great deal of information to provide to FBA, but also FBA can
indicate interesting targets for MFA. This iterative process already made possible a more

accurate calculation of S. Cerevisiae flux distributions (Blank et al, 2005).

Probably the big issue in genome-scale metabolic reconstruction approaches is the lack
of relevant kinetic information to obtain more precise and specific answers from FBA models;
one recent study built a kinetic model using flux distribution obtained by FBA (Smallbone et al,

2010).

In Fig. 10 (Gianchandani et al, 2010) the whole process of stoichiometric network
reconstruction and analysis with FBA is summarized. It is clearly shown that Systems Biology is
a discipline that relies on a huge variety of knowledge and technology and encourages the

interactivity between different fields of Life Sciences.
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Fig. 10 — Stoichiometric network reconstruction and analysis with FBA (Gianchandani et al, 2010)

2.5 Metabolic network alignment

Metabolic network alignment can be viewed as a systems biology tool when
considering multiple-alignment (more than two comparisons, at least). In genetic alignments,
this has been achieved with user-friendly tools as ClustalW, its implementation on MEGAS5
(Tamura et al, 2011), etc. However, alighnment tools for biological networks are only now
starting to become user-friendly (Flannick et al, 2006; Kelley et al, 2004). However, just one
author has claimed to have developed an algorithm that alighs metabolic pathways in a
genome-scale, based solely on topology (Kuchaiev et al, 2010; Kuchaiev et al, 2011). The use of

network topology for comparison can give insights into evolution and relationship of metabolic
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networks. The conclusions obtained by this method are different from the inferences made
when aligning genetic sequences, mainly because similarities at the sequence level do not
necessarily correspond to similarities at the network topology level. Metabolic capabilities can
be regarded as the result of several evolutionary processes, but metabolism evolution can be
interpreted independently from those processes, due to the functional role of metabolic
networks. In fact, when comparing organisms, the enzymatic reactions can be the same, while
the sequences of the proteins involved are very different. This kind of analysis can also help to
overcome the mistaken phylogenetic inferences that exist to date (Kuchaiev et al, 2010;
Yamada & Bork, 2009). Also, while genetic sequences give us insights on close phylogenetic
relationships (only suitable for recent/conserved proteins) and protein sequences are used to
make inferences for older proteins, metabolic pathway comparison can give us insight about
even more ancient features, probably existent since the origin of life. Metabolic network
alignment has been used and validated to make phylogenetic in