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Chapter 1

Introduction

I
n the past 15 years, after the genome of first cellular organism H. influen-
zae was sequenced (Fleischmann et al., 1995), the availability of metab-

olic network models has rapidly increased. Now, with the advent of high-
throughput next-generation sequencing technologies, the number of sequenced
genomes are exponentially increasing, and it is now possible to sequence
genomes of rarely studied organisms, or entire groups of organisms. Similar
rapid development of high-throughput technologies has occurred in other
‘omics’ fields, including transcriptomics, proteomics and metabolomics. We
can now comprehensively characterize cellular systems at different levels.
However, the main challenge is to utilize this vast amount of high-throughput
biological data to understand and predict the function of the studied system
as a whole.

In this regard, several different computational approaches have been de-
veloped and used extensively in the field of Systems Biology (Gombert and
Nielsen, 2000; Arkin, 2001; Varma and Palsson, 1994). One powerful ap-
proach is constraint-based flux balance analysis (Varma and Palsson, 1994),
which takes the entire metabolic system of a cell into consideration and pre-
dicts the profile of metabolic fluxes of a complete organism in silico (Bonarius
et al., 1997; Covert et al., 2001a; Price et al., 2004; Marco et al., 2009). Sev-
eral studies integrating different biological data with these constraints-based
models have been successfully performed recently (Covert et al., 2001b; Covert
and Palsson, 2002; Akesson et al., 2004; Feist and Palsson, 2008; Oberhardt
et al., 2009; Fleming et al., 2010; Alam et al., 2010b).

This thesis focuses on the construction and application of genome-scale
models of two bacteria of the genus Streptomyces, model organisms of a large
group of biotechnologically important organisms. These two separate stud-
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ies were followed by constructing a robust and fully resolved phylogenetic
tree of Streptomyces and its relatives in the group Actinomycetales which formed
the basis for a large comparative modeling study of all genome-sequenced
strains of Streptomyces and their relatives.

The following sections will introduce Streptomyces and its relatives, de-
scribe the modeling techniques used for analyzing the metabolic system of
these organisms and present a brief outline of the structure of this thesis.

1.1 Streptomyces and its relatives

Streptomyces bacteria are known for their ability to produce a vast diversity of
secondary metabolites, including some very important commercially avail-
able antibiotics (Hopwood, 2007). These organisms belong to one of the best
studied and most diverse orders of bacterial taxonomy, Actinomycetales, of
the phylum Actinobacteria (Lechevalier and Lechevalier, 1967; Embley and
Stackebrandt, 1994; Hopwood, 2007; Ventura et al., 2007). Actinomycetes
are gram positive bacteria with a very high genomic G+C content. They ex-
hibit vast biodiversity in terms of their genome size, ability to survive in ex-
tremely different environmental conditions, the pathogenicity of some of the
organisms, as well as the varying capability to synthesize specific secondary
metabolites (Lechevalier and Lechevalier, 1967; Embley and Stackebrandt,
1994; Hopwood, 2007; Ventura et al., 2007). Despite their remarkable diver-
sity, these organisms are monophyletic, i.e. they are located in one branch of
the phylogenetic tree (Alam et al., 2010a). This makes it easier to understand
how these organisms have evolved, and to investigate how they manage to
thrive in their specific environment aided by their distinct characteristics.

We have used genome sequences to build a comprehensive, detailed and
robust phylogenetic tree of these organisms by combining several single-
sequence based approaches with some whole-genome based approaches to
elucidate the precise phylogenetic relationships within Actinomycetales. This
was used as a reference for a large comprehensive metabolic modeling study
as described below. The individual phylogenetic analysis approaches have
been described in detail in chapter 4.
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1.2 Reconstruction and analysis of genome-scale meta-
bolic networks

The genomes of thousands of microorganisms have been sequenced, includ-
ing those of several actinomycetes. This information can be used to recon-
struct the metabolic network of these organisms on a genomic scale. In
the past, when there were no annotated genome sequences, the metabolic
networks of a few well-studied model organisms were analyzed by collect-
ing relevant information from extensive body of literature and through de-
tailed biochemical characterization of purified enzymes. Example of such
studies are the analysis of, acetate over-flow in E. coli (Majewski and Do-
mach, 1990), the stoichiometric interpretation of glucose catabolism in E. coli
(Varma et al., 1993) and the production of oxychemical in B. subtilis (Papout-
sakis and Meyer, 1985). Now, with the availability of genome sequences, we
can generate metabolic models at a genome-wide scale, even for less-well
studies organisms or an entire group of organisms and perform comparative
modeling.

The detailed process of reconstructing a genome-scale metabolic model
has been described and reviewed elsewhere (Feist et al., 2009; Thiele and
Palsson, 2010). Briefly, the fundamental steps to generate a genome-scale
metabolic model are: automated generation of preliminary genome-based
reconstruction, curation of the preliminary reconstruction, transforming the
curated models into a mathematical model, and integration of high-throughput
data to improve the reconstruction (Feist et al., 2009; Thiele and Palsson,
2010). Genome annotation is used to generate a draft reconstruction, which
yields an initial set of biochemical reactions encoded in a genome; how-
ever these automatically generated models contain gaps, as well as some
wrong annotations. There are several efficient algorithms which can detect
and fill gaps automatically (Kumar et al., 2007; Henry et al., 2010); however
one should carefully check these fillings manually (Feist et al., 2009; Thiele
and Palsson, 2010). Once the gaps are filled, the next step is to translate
the reconstruction into a computational model which can be used to check
its physiological capabilities in different biological environments. To refine
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the mathematical model, different sets of high-throughput data are used. In
this step, an iterative process is often used to identify discrepancies between
model predictions and observed phenotypes.

Possible applications of genome-scale models are enormously diverse
(Feist and Palsson, 2008; Oberhardt et al., 2009). These models can be used
in the context of several high-throughput data, for instance, gene expression
data, protein expression data, or metabolomics profiles. Based on experi-
mental observations, if a certain pathway is significantly active, the corre-
sponding flux can be constrained to fall within a specified range or have a
specific value (Akesson et al., 2004; Alam et al., 2010b; Medema et al., 2011b,
2010). Similarly, gene expression data can be used to constrain the set of
available reactions (Akesson et al., 2004). These experimentally observed
data can be superimposed on a network to investigate significantly changed
pathways or “metabolic hotspots”. Metabolic engineering can also be ap-
plied to these models by selectively altering the metabolism of the cell and
to investigate the expected consequences of planned interactions. Due to
the availability of thousands of genome sequences and powerful pipelines to
generate analysis-ready reconstructions, it is now possible to perform a com-
parative modeling to understand the metabolic relation of large sets of spe-
cies and to investigate the metabolic commonalities and differences among
groups of organisms.

1.3 Constraint-based flux balance analysis

After the completion of an analysis-ready genome-scale metabolic model,
the metabolic reactions are mathematically represented in the form of a sto-
ichiometric matrix (S) of size m × n, where m (the number of rows) rep-
resents unique metabolites, n (the number of columns) represents different
reactions of the model, and entries of the matrix indicate the stoichiometry of
metabolites participating in the reactions. A substrate which is consumed in
a reaction has a negative coefficient whereas products of the reaction have a
positive coefficient. The stoichiometric matrix (S) is a sparse matrix, because
only a few metabolites are involved in most biochemical reactions. v is the
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vector of all reaction fluxes of the network (Palsson, 2006).

At steady state S * v = 0, which corresponds to a set of linear equations.
Since the number of reactions in any metabolic model is usually larger than
the number of metabolites (n > m), or in other words, the number of un-
knowns is larger than the number of variables, there is no unique solution to
this set of equations. However, by imposing different constraints on the sys-
tem, and optimizing a particular objective function, e.g. maximize the flux
through a specific reaction or set of reactions, we can find a single point of the
solution space (Palsson, 2006). Typical objective functions are: maximizing
growth, maximizing ATP production, minimizing nutrients consumption or
maximizing antibiotics production.

The two main class of constraints are mass-balance constraints and flux
bounds. Mass-balance constraints ensure that the amount of metabolites
consumed in the systems must equal the amount of metabolites produced.
Flux bounds are imposed by fixing minimum and maximum values for each
reaction flux, based on reaction reversibility, environmental conditions and
sometimes experimental information. The model construction approach and
the main concepts of flux balance analysis are summarized in Figure 1.1.

Flux balance analysis is a very powerful approach to study large and
complex metabolic systems, as it can be computed very quickly even for a
very large network, and because it does not need any enzyme kinetic param-
eters. One can perform a large number of in silico experimental perturbations
rapidly and test many different hypotheses, but the approach also has some
limitations; FBA cannot predict metabolite concentrations, it is only suitable
for predicting fluxes at steady state, and it does not account for regulatory
effects in its standard implementation, therefore, its prediction always not be
accurate (Famili et al., 2003).
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Figure 1.1: General outline of the reconstruction of genome-scale metab-
olic models and principles of flux balance analysis. Information from different
sources, including annotated genome sequences, pathway databases, and biochem-
istry books and reviews, are collected together for the reconstruction of a genome-
scale model. A hypothetical reaction for biomass formation and a specific set of ex-
change reactions are defined from books and literatures and used in FBA for opti-
mization and constraining the model, respectively. The example network contains
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6 metabolites (A – F) and 12 reactions, including 8 metabolic reactions, 3 exchange
reaction and 1 hypothetical reaction of biomass formation. The network is mathe-
matically represented in the form of stoichiometric matrix, S, where 7 rows represent
compounds, including 6 metabolites (A–F) and a biomass Z, and 12 columns repre-
sent reactions. The vector v is a column vector of 12 flux variables. At steady state,
S * v = 0, which gives a set of linear mass balance equations. By imposing a set of
constraints the solution space can be reduced. One optimal solution of the system of
equation is achieved by optimizing an objective function (biomass production in this
case) and the obtained optimal flux profile is used for predictions.

1.4 Thesis contribution and organization

In this thesis, I present an analysis of genome-scale metabolic models of sev-
eral actinomycetes, along with a detailed genome-based phylogenetic analy-
sis of the entire group.

Chapter 2 describes a computational study of exploring the metabolic
switch from primary phase to the secondary phase during the growth of
Streptomyces coelicolor. In the primary phase of growth, cells grow exponen-
tially; when the available nutrients get depleted they then switch to station-
ary phase with a major reorganization of metabolism, in particular the acti-
vate production of secondary metabolites. For this analysis we constructed a
genome-scale metabolic model of Streptomyces coelicolor and incorporated ad-
ditional qualitative constraints based on online measurements from a large
cultivation experiment; we then integrated model predictions and detailed
gene expression data to understand the mechanisms involved in metabolic
switch.

In Chapter 3, we present the genome-scale metabolic model of a sec-
ond antibiotic producing organism, Streptomyces clavuligerus. Here, we stud-
ied genome-wide changes in gene expression of an antibiotic high producer
strain, obtained by a random mutagenesis and selection approach, with that
of a parental wild type strain. We performed flux balance analysis and op-
timized biomass and antibiotic production to identify key upregulated reac-
tions. The study provided new insight into the metabolic changes accompa-
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nying the mutations that had led to antibiotic overproduction.
As a prerequisite for a large comparative modeling, we analyzed the phy-

logeny of entire group of organisms, which is presented in Chapter 4. To
make a single reliable complete resolved consensus tree of the group, we
used information from several different levels, including individual gene
sequences as well as a multitude of whole-genome based phylogenetic ap-
proaches. We were able to obtain a fully resolved consensus tree and at the
same time established a generally usable strategy for the robust phylogenetic
analysis of large classes of genome-sequenced organisms.

In the research described in Chapter 5, we used the phylogenetic re-
sults to identify metabolic trends among actinomycetes on a systems-scale.
We constructed genome-scale metabolic models for the entire group of or-
ganisms and analyzed their metabolism in one common minimal growth
medium. We performed single in silico gene knockouts to identify broader
patterns of gene essentiality. We also discuss general topological features of
the metabolic networks of this diverse class of organisms as revealed by the
genome-scale comparative modeling.

Finally in chapter 6, we used phylogenetic analysis of Chapter 4 and the
gene expression of Chapter 2 to prioritize ”orphan” genes for future experi-
mental study.

Chapter 7 of this thesis contains concluding remarks and describes future
perspectives for the field.


