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Abstract

Streptomyces species are often referred to as “antibiotic factories” due to their
ability to produce a large number of clinically important compounds. They
belong to the order Actinomycetales, which is biologically very diverse, show-
ing differences in genome size, pathogenicity, ecological niche, as well as in
the ability of some of the species to produce various secondary metabolites.

This thesis starts by introducing the genus Streptomyces and its relatives
and describing the modeling techniques used for analyzing their metabolic
functions (Chapter 1). We explored the metabolic system of two antibiotic
producing model bacteria, Streptomyces coelicolor (Chapter 2) and Strepto-
myces clavuligerus (Chapter 3), and computationally investigated their mech-
anism of antibiotic production. To understand how these antibiotic produc-
ing species are phylogenetically related to other species of the group Acti-
nomycetales, we constructed a comprehensive phylogenetic tree, and estab-
lished a generally usable robust approach to construct fully resolved phy-
logenetic trees from genome sequences (Chapter 4). Results of the phylo-
genetic study formed the basis for large-scale metabolic modeling, and we
identified metabolic as well as topological commonalities and differences
among members of the group (Chapter 5). Furthermore, by combining phy-
logenetic information with gene expression data we prioritized “orphan”
genes of Streptomyces coelicolor for future experimental study (Chapter 6).

Finally, the thesis concludes by discussing the future use of our results
and models and outlines some perspective for further research into the Sys-
tems biology of antibiotic producing microbes (Chapter 7).





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.
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Chapter 2

Metabolic modeling and analysis of the
metabolic switch in Streptomyces coelicolor

ABSTRACT

Background: The transition from exponential to stationary phase in Strepto-
myces coelicolor is accompanied by a major metabolic switch and results in a
strong activation of secondary metabolism. Here we have explored the underly-
ing reorganization of the metabolome by combining computational predictions
based on constraint-based modeling and detailed transcriptomics time course
observations.
Results: We reconstructed the stoichiometric matrix of S. coelicolor, includ-
ing the major antibiotic biosynthesis pathways, and performed flux balance
analysis to predict flux changes that occur when the cell switches from biomass
to antibiotic production. We defined the model input based on observed fer-
menter culture data and used a dynamically varying objective function to rep-
resent the metabolic switch. The predicted fluxes of many genes show highly
significant correlation to the time series of the corresponding gene expression
data. Individual mispredictions identify novel links between antibiotic produc-
tion and primary metabolism.
Conclusion: Our results show the usefulness of constraint-based modeling
for providing a detailed interpretation of time course gene expression data.

2.1 Background

The transition from exponential growth to stationary phase is a major
event in microbial physiology (Kolter et al., 1993). During the expo-

nential phase of growth, bacterial cells produce metabolites necessary for
growth and grow rapidly. Once essential nutrients have been depleted, cells
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switch to stationary phase, stop growing, reorganize their energy metabol-
ism and often start producing a new set of secondary metabolites, including
antibiotics (Roszak and Colwell, 1987). In this study, we have explored the
metabolic switch in Streptomyces coelicolor, the model organism of the antibi-
otics producing genus Streptomyces. The genome of this soil bacterium has
been sequenced and contains about 7825 genes, one of the largest numbers
for any bacterium (Bentley et al., 2002). More than 20 clusters coding for
the 4 known and several predicted antibiotics or related compounds have
been identified in the genome (Challis and Hopwood, 2003). To optimize the
production of valuable secondary metabolites, understanding the shift from
primary to secondary metabolism during the transition phase will play a key
role.

We constructed a constraints-based genome-scale stoichiometric model
of S. coelicolor metabolism, based on earlier similar models (Borodina et al.,
2005a, 2008), and integrated the model predictions with a large gene expres-
sion dataset (Nieselt et al., 2010). The constraints-based approach, in partic-
ular flux balance analysis, has been shown to be highly predictive of growth
phenotypes in many microbial systems (Price et al., 2003, 2004) and can be
used to construct large scale metabolic models based on genome sequences
in the absence of kinetic information, making it particularly attractive for less
well-studied organisms like S. coelicolor.

Predictions from constraint-based models usually hold for steady-state
assumptions (Durot et al., 2009; Lee et al., 2006). To enable the incorpora-
tion of experimental information from timeseries measurements, we extend
the approach by applying a dynamically changing input function (specifying
constrains on nutrient uptake) and objective function (specifying the shift of
cellular resources from cellular growth to antibiotics production). The pre-
dicted flux profiles are then compared to the gene expression profiles of the
corresponding enzyme-coding genes to validate the model.

We observe a surprisingly good correlation between predicted fluxes and
measured gene expression, indicating both the power of the constraint-based
modeling approach and the tight regulation of gene expression in S. coeli-
color. A small number of incorrectly predicted fluxes indicate the need for
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including additional gene regulatory constraints to the model (Covert et al.,
2001b; Lee et al., 2008), but also allows the sensitive identification of mis-
annotations and putative novel reactions involved in secondary metabolite
biosynthesis.

2.2 Results and Discussion

We have reconstructed a genome-scale model of Streptomyces coelicolor meta-
bolism with recent updated annotations as discussed in the Methods section.
Our aim was to study the metabolic switch between the primary phase and
secondary phase of growth.

2.2.1 Initial model validation

To validate our model we first compared predicted growth rates to those
reported for glucose limited environments (Melzoch et al., 1997). In that
work, S. coelicolor had been grown in chemostat culture in a chemically de-
fined medium under various nutrient limitations. As the dilution rate of the
chemostat is the same as the specific growth rate at steady state we can com-
pare it directly to the prediction of the in silico model. In our model we used
an input function that mimics the glucose limited medium used in these ex-
periments, adopting the observed glucose and oxygen uptake rate as well
as carbon dioxide and actinorhodin production rates as initial conditions in
the model. We maximized biomass production to predict the optimized in
silico specific growth rate and we compared the predicted growth with the
observed growth. Figure 2.1 and Table 2.1 show that observation and pre-
diction are in good agreement, indicating the general validity of our model.

2.2.2 Global metabolic switching from primary phase to secondary
phase of growth

For a more detailed understanding of the metabolic transition phase, we then
modeled flux changes happening during fermentation culture on phosphate
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Table 2.1: Comparison of experimentally observed dilution rates from
chemostat data Melzoch et al. (1997) and predicted specific growth rates

Glucose
(mmol/g.h)

O2
(mmol/g.h)

CO2
(mmol/g.h)

Actinorhodin
(µg/g.h)

Observed
dilution
rate D (/h)

Predicted
specific
growth
rate µ(/h)

0.5 1.8 1.9 2 0.035 0.0272
0.6 2 2 2 0.045 0.0396
0.8 2.4 2.5 415 0.06 0.0539
0.9 2.5 2.7 152 0.072 0.0657
1.1 3.1 3.1 60 0.092 0.0862
1.85 6.6 6.7 7 0.115 0.1088
2.1 7.2 7 5 0.128 0.1385

limiting medium. For this growth condition we had earlier collected a de-
tailed gene expression time series. Based on the measured nutrient uptake
and product formation, we dynamically adapted the objective function and
optimized the in silico specific growth rate. The optimum specific growth
rate and optimal flux vector for all metabolic reactions were predicted for
each time point. Figure 2.2 shows the observed normalized depletion of sub-
strate glucose, glutamate and phosphate during growth. At about 34 hour,
phosphate is depleted, triggering the transition to stationary phase and the
production of antibiotics by the bacteria. The corresponding slow-down of
growth matches well between prediction and observation.

Next we compared the predicted metabolic flux profile of all 549 enzyme-
coding genes to the corresponding gene expression data from Nieselt et al.
(Nieselt et al., 2010). A histogram of correlation coefficients between pre-
dicted flux and observed gene expression is shown in figure 2.3. The corre-
lation of predicted flux and gene expression level is highly significant, and
a large number of genes exhibit very high correlation (33% of genes; r >

0.5). This shows not only the global validity that these genes of our model
are probably correctly annotated in the model but also illustrates the tight
regulation of gene expression level for enzyme-coding genes of S. coelicolor.
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Figure 2.1: Model validation. Comparison of the experimentally observed spe-
cific growth rate from chemostat data (Melzoch et al., 1997) and the predicted in
silico specific growth rate from the model in glucose limited media. The specific
rate of glucose consumption, oxygen consumption, carbon dioxide production and
actinorhodin production from 7 different conditions were taken from (Melzoch et al.,
1997) and used as initial condition in the model.

This is in agreement with the general observation that gene expression is
more tightly regulated in unicellular compared to multicellular organisms,
for evolutionary reasons, such as the much larger effective population size
and stronger energetic constraints in small organisms (Wagner, 2005, 2007).

A large set of genes does not show correlation (64% of genes; –0.5 < r <
0.5). These are mostly genes that do not change expression (nor predicted
flux) along the time course. In these cases of constant expression no cor-
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Figure 2.2: Dynamic model constraints and predicted cell growth. Based on
online measurement on a fermenter experiment, normalized constraints of model
influx of phosphate, glucose, and glutamate and the production of the antibiotics
actinorhodin and undecylprodigiosin were determined. Their time course is shown
together with the experimentally observed and in silico predicted growth.

relation information is present in the data, leading to correlation coefficient
close to zero. Of course, there will also be cases where gene expression levels
and flux levels do not correlate for other reasons, for instance due to post-
transcriptional and post-translational regulation mechanisms.

Strikingly, there is also a small group of strongly anticorrelating genes (15
genes; r < –0.5). These are potentially the most interesting cases; they could
indicate wrong annotations of gene function, but also the unexpected pres-
ence of regulatory constraints or novel functionalities of genes. To further
examine these options, we subdivided all 549 observed expression profile
into 12 clusters, based on unsupervised hierarchical clustering. The number
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Figure 2.3: Correlation between predicted flux and observed gene expression.
The histogram shows the correlation between gene expression and predicted flux for
549 enzyme–coding genes. A large number of enzyme–coding genes show high cor-
relation. They include many primary metabolism genes and antibiotic biosynthesis
genes. About half of the genes show poor correlation; these are mostly genes that
show constant gene expression and/or predicted flux across the entire time course,
leading to a correlation coefficient close to zero. A small but noteworthy number
of genes show statistically significant negative correlation between gene expression
levels and predicted flux. These cases are discussed in more detail in the main text.

12 was chosen to allow sufficient resolution of different expression pattern.
Figure 2.4 shows the average expression time course of each of the 12 result-
ing clusters. For instance, the pink and red clusters, which contain many
genes involved in secondary metabolite production, switch on upon phos-
phate depletion. The purple, navy blue and blue clusters mostly include
genes involved in central metabolism and anabolic functions and are down-
regulated when nutrient resources in the medium are depleted.

When mapping the gene expression clusters onto the genome (figure 2.5)
it is clear that genes with similar expression dynamics tend to be neighbors
along the chromosome. Moreover, when also visualizing the correlation be-
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Figure 2.4: Average expression profile of 12 expression clusters defined by
hierarchical clustering. Gene expression profiles of all enzyme-coding genes in
our metabolic flux model were subjected in unsupervised clustering. The number
of genes in each cluster is indicated. Several clusters show a clear expression trend
matching the changing physiology of the fermentation. The pink cluster is the “an-
tibiotics” cluster, switching on upon phosphate depletion; the purple cluster includes
the majority of central metabolism genes that are down-regulated.

tween gene expression and predicted flux, one can see the that strong anti-
correlated expression is seen almost exclusively for genes in the pink and red
clusters, which switched on expression during the transition phase, while
the predicted flux for these genes are decreasing along the time course (Table
2.2). In contrast, many genes with high positive correlation belong to the pur-
ple, navy blue and blue clusters which contain genes of central metabolism,
including biosynthesis clusters for arginine, cysteine, glutamate, glutamine,
glycine, fatty acid, histidine, homoserine, isoleucine, leucine, lysine, methio-
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Figure 2.5: Genome mapping of expression clusters and correlation between
expression and predicted flux. All enzyme-coding genes are shown arranged in
their order along the chromosome. The upper trace colors genes according to their
membership in one of 12 expression clusters figure 2.4; genes belonging to the same
cluster tend to be neighbors along the chromosome, reflecting the operon structure of
the genome. The lower trace shows how strongly the predicted flux for each gene cor-
relates with its expression. Genes from some expression clusters tend to show good
correlation to the predicted flux (green), e.g. those in the central metabolism cluster
(purple); mispredictions (red) seem to cluster along the chromosome and normally
affect genes that are upregulated in stationary phase (pink cluster). The position of
three major antibiotics biosynthesis clusters is highlighted.
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Table 2.2: List of anticorrelated genes. The most strongly anticorrelated genes
are listed on the basis of correlation between gene expression and predicted flux (r<–
0.25). Pathway annotations are based on the KEGG database without manual cura-
tion. Most of the genes belong to the pink or red cluster which are upregulated in
stationary phase; these represent potential new genes involved in antibiotics biosyn-
thesis. Several examples validating this interpretation are discussed in detail in the
text.

SCO ID Definition Pathway r
SCO2286 alkaline phosphatase folate biosynthesis –0.80
SCO3249 [acyl-carrier-protein] S malo-

nyltransferase
fatty acid biosynthesis –0.78

SCO5887 [acyl-carrier-protein] S malo-
nyltransferase

fatty acid biosynthesis –0.75

SCO0386 asparagine synthetase, glut-
amine hydrolysing

Aspartate metabolism –0.75

SCO3248 pentadecanoyl-[acyl-carrier
protein] synthesis

fatty acid biosynthesis –0.74

SCO5886 pentadecanoyl-[acyl-carrier
protein] synthesis

fatty acid biosynthesis –0.71

SCO5888 pentadecanoyl-[acyl-carrier
protein] synthesis

fatty acid biosynthesis –0.70

SCO0828 alkaline phosphatase folate biosynthesis –0.67
SCO2068 alkaline phosphatase folate biosynthesis –0.66
SCO3246 pentadecanoyl-[acyl-carrier

protein] synthesis
fatty acid biosynthesis –0.63

SCO3595 D-alanine-D-alanine ligase D-alanine metabolism –0.63
SCO3221 prephenate dehydrogenase tryptophan biosynthesis –0.63
SCO6655 GTP cyclohydrolase II riboflavin metabolism –0.61
SCO6787 butyryl-CoA dehydrogenase propanoate metabolism –0.59
SCO2687 GTP cyclohydrolase II riboflavin metabolism –0.52

nine, N-acetyl muramic acid (NAM) and N-acetyl glucosamine (NAG), as
well as sulphate metabolism. Expression of the antibiotic gene clusters for
actinorhodin and undecylprodigiosin was also highly correlated to the pre-
dicted fluxes.

One large group of anticorrelated genes is the set of 10 genes located the
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middle of the calcium dependent antibiotics (CDA) biosynthesis gene cluster
(SCO3210-SCO3249) (Hojati et al., 2002). SCO3210 and SCO3221 are anno-
tated as 2-dehydro-3-deoxyheptonate aldolase and prephenate dehydroge-
nase respectively, part of the shikimate pathway (tryptophan biosynthesis).
Tryptophan is a precursor for CDA, and there are four anticorrelated genes
(SCO3211-3214) which encode for enzymes TrpC2, TrpD2, TrpG, and TrpE2.
It seems obvious that these genes are involved in the biosynthesis of tryp-
tophan for CDA biosynthesis and not in the production of tryptophan for
general primary metabolism. Indeed it has been shown that these genes do
not complement a deficiency in central tryptophan biosynthesis (Hojati et al.,
2002). SCO3249 encodes an ACP homolog, and the adjacent genes SCO3246
and SCO3248 along with SCO3228 are proposed to be involved in the bio-
synthesis of the N-terminal epoxyhexanoyl fatty acid side chain (Hojati et al.,
2002). While the direct involvement in CDA biosynthesis has not yet been es-
tablished for all of these genes, the non-complementation as well as the clear
anticorrelation in our model analysis point to the existence of strong regula-
tory constraints on the expression of these genes. Such regulatory constraints
are not routinely included in flux balance analysis, but can substantially en-
hance its predictive accuracy (Covert et al., 2001b; Lee et al., 2008). Our result
shows that a lack of regulatory information can be efficiently compensated
by the integration of transcriptomics information, which quite specifically
highlights this group of genes for further study.

Another group of anticorrelating genes is seen in the middle of the unde-
cylprodigiosin biosynthesis gene cluster (Challis and Hopwood, 2003; Cerdeo
et al., 2001). Three genes (SCO5886, SCO5887 and SCO5888) in this cluster
were automatically annotated in our model as fatty acid biosynthesis genes
on the basis of sequence similarity with fatty acid genes (3-oxoacyl-[acyl-
carrierprotein] synthase II, acyl carrier protein, 3-oxoacyl-[acyl carrier pro-
tein] synthase III). However these three genes are well known to be involved
in undecylprodigiosin production under the gene names redR (SCO5886),
redQ (SCO5887) and redP (SCO5888). This is a clear example of a misanno-
tation that is revealed by the correlation analysis and can easily be fixed in
the model.
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A third example of strongly anticorrelated genes listed in table 2.2 are
three alkaline phosphatases – SCO2286 (phoA), SCO0828 (phoC) and SCO2068
(phoD) – which are assigned in the KEGG database (and consequently in our
model) to the folate biosynthesis pathway. Their expression pattern, which
shows strong induction upon phosphate depletion, is consistent with earlier
reports on their control by PhoR/PhoP (Apel et al., 2007) and a potential
role in secondary metabolism, but is less easy to reconcile with a putative
function in folate biosynthesis, which is based only on sequence homology.

In all three of these cases, the integration of gene expression and model
flux predictions highlighted groups of genes involved in antibiotics produc-
tion. A small set of additional anticorrelated genes (Table 2.2) are widely
scattered through out the genome (Figure 2.5). Each of them is a potential
candidate from model correction and for the identification of new secondary
metabolite biosynthesis genes with specifically constrained gene expression
patterns.

Our biological understanding of S. coelicolor metabolism is further en-
hanced by a more detailed analysis of the reactions for which the flux balance
analysis predicted zero flux. When clustering the measured gene expression
profiles for the genes encoding the enzymes of these zero-flux reactions, a
substantial number of genes showed consistent changes in gene expression
along the time course, suggesting that the corresponding reactions are in fact
active (Supporting information: Additional file 1). Striking examples include
a large number of genes for vitamin B12 (cobalamin) biosynthesis, a group of
ten genes involved in calcium-dependent antibiotic (CDA) biosynthesis, and
three genes involved in ectoine biosynthesis (Supporting information: Ad-
ditional files 2, 3, 4 and 5). Each of these cases provides important insights:
the first one shows that vitamin B12 is likely to be produced by S. coelicolor
under the growth conditions of our experiment, even if it is not essential
due to the availability of cobalamine-independent enzymes (Martens et al.,
2002). The second one highlights that CDA biosynthesis genes are coherently
induced in expression during the metabolic switch, similar to undecylprodi-
giosin and actinorhodin and concordant with the results of the correlation
analysis discussed above. This could indicate that this additional antibiotic
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compound is potentially also produced in phosphate starvation conditions,
contrary to previous expectations (Kim et al., 2004). Finally, the case of ec-
toine biosynthesis genes suggests that this novel osmoprotectant metabolite
is produced by S. coelicolor. This has in fact been experimentally confirmed
recently (Kol et al., 2010). In each of these cases, the activity of the pathway
was not predicted, based on the biological evidence incorporated in the sto-
ichiometric model and the expected biomass composition, and the compari-
son of flux balance predictions and gene expression data indicated relevant
modifications of our metabolic model. A complete list of genes that have
zero predicted flux but show gene expression is included in the supporting
information (Supporting information: Additional files 2, 3, 4, and 5).

Conversely, our model can be used to identify those genes that are pre-
dicted to be essential for growth (nonzero flux under all conditions), but
show no or very low gene expression. There are 159 predicted essential
genes in our model, which have a median log gene expression level of 7.47,
compared to 6.83 for the non-essential genes and 4.66 for the negative con-
trols. This indicates that on average the essential genes have a 60% higher
expression than the non-essential genes. There is only one predicted essen-
tial gene with a detected median expression level below 5.0, compared to 23
non-essential genes with such low expression levels. This nonexpressed es-
sential gene is panB (SCO2256), a 3-methyl-2-oxobutanoate hydroxymethyl-
transferase of pantothenate and coenzyme A biosynthesis, which has a max-
imum log expression signal of only 5.53. Its apparent non-expression can be
due to insufficient hybridization of the gene–specific probes on the microar-
ray, but it could also indicate the existence of another isoenzyme or addi-
tional metabolic pathways that would make this reaction redundant. In both
of these cases, this gene might warrant further detailed study.

The observed good correlation between gene expression and predicted
metabolic flux is not necessarily expected; expression levels can show little
correlation to protein levels, enzyme activity and metabolic flux for many
reasons (Akesson et al., 2004). It could be that the relationship between ex-
pression and flux is tighter in prokaryotes like S. coelicolor, than in multicellu-
lar eukaryotic model organisms (Wagner, 2005, 2007). However, we cannot
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exclude that the group of non-correlated genes contains not only reactions
with constant flux, but also reactions with dynamic flux little correlation be-
tween gene expression and protein activity or metabolic flux. In a next step, it
will be interesting to directly incorporate the gene expression information in
the model, providing additional constraints on the maximum flux (Akesson
et al., 2004; Colijn et al., 2009).

2.3 Conclusions

Our study demonstrates the ability of flux balance analysis to not only study
classical steady-state conditions but also to predict microbial behavior in dy-
namic growth conditions provided that sufficiently detailed measurements
of the changing growth conditions (nutrient uptake) and cellular objective
(antibiotic production rate) are available. In combination with detailed gene
expression information, these dynamic model predictions can help identify-
ing potential new players in the metabolic switch, including putative new
genes for antibiotic synthesis.

2.4 Methods

2.4.1 Transcriptomics

The gene expression dataset used in this study has been described in detail
in (Nieselt et al., 2010). Briefly, S. coelicolor was cultivated in a phosphate
limiting defined medium containing glucose as a carbon source and gluta-
mate as a nitrogen as well as carbon source. Samples for transcriptomics and
off-line analysis were taken every hour from 20 to 44 hours after inoculation
(25 sample points), and subsequently every second hour from 46 to 60 hours
after inoculation. Cell dry weight was measured on samples collected ev-
ery third hour between 20 and 40 hours. The last sample, collected at the
end of the fermentation (68 hours after inoculation), was used for analysis
of remaining nutrients and total production levels of red and blue pigments.
Only one sample was collected at each time point and no re-samplings were



2.4 Methods 25

performed. Gene expression was measured on custom- made Affymetrix
gene chips as described in (Nieselt et al., 2010). Expression data have been
deposited in the GEO database under accession number GSE18489. Mea-
surements for all known or predicted enzyme-coding genes were extracted
and matched to the corresponding reactions in the constraint-based model.

2.4.2 Constraints-based genome-scale metabolic model reconstruc-
tion

A genome-scale stoichiometric metabolic model of Streptomyces coelicolor was
reconstructed from different sources of data, including KEGG pathways,
ScoCyc pathways, biochemistry textbooks, an extensive literature survey
and available genome-scale models of other organisms. The initial stoichio-
metric matrix was generated based on KEGG and ScoCyc and manually cu-
rated to refine the S. coelicolor–specific parts of the metabolic network (e.g.,
antibiotic biosynthesis), to specify the correct reversibility constraints of re-
actions, and to add missing essential reactions. Missing essential reactions
were identified iteratively; a minimum set of hypothetical reactions was added
to the model if an essential metabolite could not be produced otherwise. Rev-
ersibility and essentiality of reactions were also compared to other published
genome-scale models of S. coelicolor and other organisms (Borodina et al.,
2005a; Reed et al., 2003; Jamshidi and Palsson, 2007; Oh et al., 2007). The
resulting model is very similar to the model of Borodina et al. (Borodina
et al., 2005a, 2008), and differs mainly in the more comprehensive inclusion
of antibiotic pathways.

In the final curated model, one lumped reaction is added to produce the
biomass of the cell. Information about biomass composition and growth and
non-growth associated ATP maintenance were taken from Borodina et al.
(Borodina et al., 2005a) and Ingraham et al. (Ingraham et al., 1983) and com-
plemented with literature information (Shahab et al., 1996; Zuneda et al.,
1984). Some of the biomass precursor biosynthesis reactions are also lumped
reactions, e.g. protein translation, and were specified according to the lit-
erature and published genome-scale models (Borodina et al., 2005a). The



26 2. Metabolic switch in Streptomyces coelicolor

full model in SBML format is available in the supporting information (Sup-
porting information: Additional file 2). Analysis of the model was based
on standard flux balance analysis (FBA) to predict optimal in silico growth
and metabolic flux distribution using the COBRA tool (Becker et al., 2007).
Uptake fluxes for metabolites not available in the medium were set to zero,
while metabolic by-products were always allowed to leave the metabolic sys-
tem. Observed nutrient uptake rates from the fermenter culture used for the
transcriptome analysis were used to define the constraints of nutrients up-
take for the model (input function). The objective function was defined as
maximizing the growth rate. Beginning at 34 hours, we dynamically varied
the biomass composition by adding increasing amounts of antibiotics, based
on the observed antibiotics production rate.

2.4.3 Comparing transcriptome data and predicted flux

Our computational model contains 643 metabolites and 1015 reactions: 747
reactions for metabolite biosynthesis and degradation, 152 transport reac-
tions, and 116 additional input and output constraints of the system. 666 re-
actions were annotated as enzyme–catalyzed reactions and could be matched
to an enzyme–coding gene. Some reactions were annotated as potentially
catalyzed by more than one gene and some genes catalyze more than one
reaction. If one gene catalyzes multiple reactions, we matched its expression
profile to the reaction with the maximum predicted flux, hypothesizing that
this reaction will dominate the expression behavior. In total, 789 genes are
assigned to 666 enzymatic reactions. Of these, 558 genes are predicted to
have non-zero flux (the remaining 231 genes are not used for biomass pro-
duction according to the model). Out of these 558 genes, 9 genes were in-
volved in cell maintenance with constant flux and zero standard deviation;
these were excluded from the further analysis. In total we therefore consid-
ered 549 enzyme–coding genes with non-zero predicted flux. For each of
these genes, we compared the predicted flux profile and the observed gene
expression levels using Pearson’s correlation, testing whether gene expres-
sion was indeed upregulated when a much higher flux through a particular
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reaction was required at a certain growth phase.
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Chapter 3

Genome-wide gene expression changes
in an industrial clavulanic acid overproduction
strain of Streptomyces clavuligerus

ABSTRACT

To increase production of the important pharmaceutical compound clavulanic
acid, a β–lactamase inhibitor, both random mutagenesis approaches and ratio-
nal engineering of Streptomyces clavuligerus strains have been extensively
applied. Here, for the first time, we compared genome-wide gene expression of
an industrial S. clavuligerus strain, obtained through iterative mutagenesis,
with that of the wild-type strain. Intriguingly, we found that the majority of
the changes contributed not to a complex rewiring of primary metabolism but
consisted of a simple upregulation of various antibiotic biosynthesis gene clus-
ters. A few additional transcriptional changes in primary metabolism at key
points seem to divert metabolic fluxes to the biosynthetic precursors for clavu-
lanic acid. In general, the observed changes largely coincide with genes that
have been targeted by rational engineering in recent years, yet the presence of
a number of previously unexplored genes clearly demonstrates that functional
genomic analysis can provide new leads for strain improvement in biotechnol-
ogy.

3.1 Introduction

Streptomyces clavuligerus is an important industrial microorganism, which
produces the beta lactam antibiotic cephamycin C (Martı́n and Liras,

1989) and the β–lactamase inhibitor clavulanic acid (Saudagar et al., 2008).
Clavulanic acid is produced worldwide on a large scale, and co-formulated
with amoxicillin in Augmentin (Brogden et al., 1981). Two biotechnological
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strain optimization approaches have been utilized to increase the produc-
tion of clavulanic acid by the bacterium: rational metabolic engineering and
iterative optimization through random mutagenesis and screening.

In the rational approach, a specific gene is knocked out or overexpressed
to divert metabolic fluxes towards the antibiotic biosynthetic pathways. Ar-
guably, the best example comes from the work of Li and Townsend (Li and
Townsend, 2006), who re-engineered the S. clavuligerus glycolytic pathway
by constructing a deletion mutant of the glyceraldehyde 3-phosphate dehy-
drogenase gene gap1 to increase the pool of the clavulanic acid precursor
glycerol 3-phosphate (G3P). This doubled clavulanic acid production com-
pared to the wild-type. Overexpression of the regulatory proteins CcaR and
ClaR also led to clavulanic acid overproduction (Hung et al., 2007), and the
two strategies have recently been combined successfully in a single strain
(Jnawali et al., 2010).

Yet, most or even all production strains that are used in industry have
been obtained by classical strain improvement (Adrio and Demain, 2006),
based on mutagenesis with mutagens such as nitrosoguanidine (NTG). Little
is known about the exact genetic changes through which high production
titers are achieved in these mutants.

Recently, we published the genome sequence of S. clavuligerus ATCC
27064 (Medema et al., 2010). We now employed this information to per-
form a genome-wide transcriptome study on an industrial production strain,
which has been generated from the ATCC 27064 type strain (Higgens and
Kastner, 1971) by several iterations of mutagenesis and screening, and pro-
duces clavulanic acid at levels approximately 100× that of the wild-type.
The majority of observed changes consist of increased transcript levels of
the antibiotic biosynthesis gene clusters. These observations are in agree-
ment with flux-balance analysis (FBA) predictions using a constraint-based
genome-scale metabolic model constructed for S. clavuligerus. However, we
also detected some potentially crucial transcript level changes in primary
metabolism that could contribute to the increased production of clavulanic
acid by redirection of fluxes, mimicking strategies utilized in rational ap-
proaches.



3.2 Results and discussion 31

3.2 Results and discussion

3.2.1 Increased transcription of secondary metabolite biosynthesis
gene clusters in strain DS48802

Comparing gene transcript levels of S. clavuligerus wild-type and DS48802
strains during stationary phase using microarrays, almost all genes ranking
high in a differential transcriptome analysis belong to the complete clavu-
lanic acid/cephamycin C supercluster, which is significantly overexpressed
(between twofold and eightfold) in the DS48802 strain compared to the wild-
type. Interestingly, the pathway-specific regulator genes claR and ccaR are
also overexpressed in DS48802. They are located within the same superclus-
ter and their products have been shown to regulate it positively (Alexander
and Jensen, 1998; Paradkar et al., 1998).

Figure 3.1: Differential gene expression in S. clavuligerus DS48802 and
ATCC 27064. Sliding window plot (size = 50) of the difference in gene expression
between S. clavuligerus DS48802 and wild-type ATCC 27064. Key upregulated
operons or genes at the peaks are noted in the figure. See supplementary Table S2
(section 3.5) for description of the ten gene clusters shown. For gene expression
analysis, cultivations were performed in shake flasks directly inoculated with spore
suspensions at 28◦C and 280 r.p.m. The semi-synthetic growth medium used con-
sisted of 30 (g/l) glycerol, 5 (g/l) wheat gluten, 3.5 (g/l) asparagine monohydrate,
1.5 (g/l) L-lysine, 0.7 (g/) KH2PO4, 0.3 (g/l) MgSO47H2O, 0.2 (g/l) CaCl22H2O,
0.2 (g/l) FeSO47H2O, 10 (g/l) MOPS, 0.1 (ml/l) Basilodon and 1 (ml/l) trace ele-
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ments solution at pH 7.0. The trace element solution consisted of 20.4 (g/l) H2SO4,
50 (g/l) citric acid H2O, 16.75 (g/l) ZnSO47H2O, 1.6 (g/l) CuSO4. 5 H2O, 1.5
(g/l) MnCl24H2O, 2 (g/l) H3BO3 and 2 (g/l) Na2MoO42H2O. After 70 h of cul-
tivation, the cells were harvested by centrifugation, treated with RNAprotect (Qi-
agen) and directly frozen with liquid nitrogen and stored at –80◦C. To isolate total
RNA, the frozen mycelium was ground in a mortar, resuspended in TE buffer with
5 (mg/l) lysozyme and incubated for 5 min at room temperature. RNA isolation
and purification were performed using phenol extraction (TRIzol reagent, Invitro-
gen) and RNeasy Kit (Qiagen). The RNA was quantified by measuring the ab-
sorbance at 260 nm. Biotinylated cDNA was prepared after fragmentation accord-
ing to the standard Affymetrix protocol using GC rich (average 72%) primers from
10 µg total RNA. For hybridization, 5 µg and 7 µg biotinylated cDNA were used
per Affymetrix gene Chip. Microarray data have been deposited at Gene Expression
Omnibus (http://www.ncbi.nlm.nih.gov/geo/) under accession number GSE24033.
Flux-balance analysis was performed using a recently published genome-scale meta-
bolic model of S. clavuligerus (Medema et al., 2010). In this study, we slightly
changed our objective function and included both clavulanic acid and cephamycin C
biosynthesis pathways. We dynamically changed the antibiotic concentration in the
biomass composition based on experimental observations of Romero and colleagues
(Romero et al., 1984) and optimized the objective function for different concentra-
tions of each antibiotic. Among the 785 genes that the model contains, 497 genes
showed non-zero flux for at least one antibiotic concentration. We calculated Spear-
man correlation of fluxes of each reaction with increasing antibiotic concentrations.
If an enzyme was involved in multiple reactions, we assigned the flux which had the
highest r2.

Additionally, the clavams gene cluster (cvm1245 and cas1) and the ‘par-
alogous’ alanylclavam cluster (orfABCD and ceaS1/pah1/bls1/oat1) are signifi-
cantly overexpressed (Figure 3.1), as is the two-component system involving
Cvm7p (SCLAV p1079 – p1080) that induces expression of the alanylclavam
cluster (Tahlan et al., 2007). This suggests the presence of a regulatory mech-
anism common to all these clusters. CcaR is an unlikely candidate for such
a common regulatory factor, as it does not appear to control the paralogous
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cluster (Tahlan et al., 2004); the pleiotropic regulator AdpA (SCLAV 1957)
is a more likely candidate, as it is known to induce clavulanic acid expres-
sion (López-Garcı́a et al., 2010) and its gene is transcribed almost 2.5 times
stronger in DS48802.

In contrast to, for example, the intrachromosomal amplification of the
kanamycin biosynthesis gene cluster in Streptomyces kanamyceticus (Yanai et al.,
2006), hybridization of S. clavuligerus DS48802 genomic DNA to the microar-
rays revealed no amplifications of genes or gene clusters (data not shown).
The overproduction that we observe therefore appears to be caused by tran-
scriptional (and post-transcriptional) changes only.

3.2.2 Flux-balance analysis of increased clavulanic acid production
correlates well with transcriptomic data

While many changes have occurred during the generation of the DS48802
strain through mutagenesis, it is important to note that changes in transcrip-
tion levels of many genes may be due to random mutations that have no
impact on antibiotic biosynthesis. In order to assess which changes could
be causatively linked to antibiotic overproduction, we computationally pre-
dicted the metabolic fluxes during antibiotic overproduction, using a constraints-
based genome-scale metabolic network model of S. clavuligerus (Medema
et al., 2010). We dynamically modeled the metabolic flux changes during in-
creased production of clavulanic acid and cephamycin C with different rates
of antibiotic production relative to the biomass, based on the experimental
observations of Romero et al. (Romero et al., 1984). Interestingly, the com-
putational predictions made through dynamic FBA are largely in line with
the observed expression changes. Eighty-seven genes were predicted to be
upregulated (positively correlated with antibiotic production; r > 0.6) and
129 genes were predicted to be downregulated (negatively correlated; r < –
0.6) at increasing antibiotic production levels. Fourty per cent (15/37) of the
genes that actually showed increased transcript levels (fold change > 2) were
also predicted to do so according to FBA, and these include all genes encod-
ing key biosynthetic enzymes known to be involved in clavulanic acid and
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cephamycin C biosynthesis. Even though 40% does not appear to be a very
large percentage, these predictions are statistically very significant according
to a Fisher’s exact test (P = 0.0005; see Supporting information: Table S1, sec-
tion 3.5). One should note that FBA predicts the flux for every reaction, not
for every gene product, as multiple gene products can be involved in a sin-
gle reaction. Therefore, in these cases the same flux was assigned to all gene
products involved in that particular reaction, which is not necessarily the
case in the actual gene expression, as only a single homologue or isoenzyme
could be actively performing the reaction and thus would be differentially
expressed. Out of the 47 different enzymatic reactions predicted to be up-
regulated (associated with 87 genes), 26 (55%) have at least one gene linked
to them, which showed increased transcript levels. As both our FBA and
gene transcript analysis pointed to an increased expression of the clavulanic
acid and cephamycin core biosynthesis genes, we suggest that this is a cru-
cial change required for antibiotic overproduction in this strain. Moreover,
as the FBA indicated that the absolute fluxes required for high production
of the secondary metabolites are minor compared to other fluxes involved in
maintenance and cellular growth, a complete redirection of primary meta-
bolism appears not to be necessary for overproduction.

3.2.3 Gene expression changes in primary metabolism

Nonetheless, because clavulanic acid is synthesized from the precursors G3P
and L-arginine, which play important roles in primary metabolism, specific
changes in the primary metabolism of DS48802 could have occurred during
the various random mutagenesis rounds, so that the intracellular pools of
these intermediates are increased.

Indeed, glycerol uptake and metabolism (SCLAV 0631 – 0632) and (SCLAV-
0877 – 0879) is clearly upregulated over twofold in DS48802, indicating an

improved utilization of glycerol as a carbon source as well as increased pro-
duction of the clavulanic acid precursor G3P (Figure 3.2). Moreover, the
aconitase and citrate synthase from the citric acid cycle appear to be down-
regulated. A likely explanation for this is that the carbon flux from G3P in
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this direction is reduced and is partly redirected to clavulanic acid biosyn-
thesis. This situation is remarkably similar to the result of the rationally con-
structed gap1 deletion that blocked G3P conversion into 1,3-bisphosphoglycerate,
thus improving clavulanic acid biosynthesis by increasing the intracellular
G3P pool (Li and Townsend, 2006). However, an advantage of the situation
in DS48802, which seems to have an incomplete downregulation of the flux,
could be that a considerable pool of acetyl-CoA is maintained, e.g. for the
biosynthesis of ornithine from glutamate. DS48802 also seems to avoid the
potential negative effects of a complete deletion of the aconitase and citrate
synthase genes: a complete absence of these enzyme activities could lead
to acidogenesis with negative consequences for secondary metabolite pro-
duction as shown by Viollier and colleagues (Viollier et al., 2001a,b). More-
over, DS48802 still seems to be able to synthesize alpha-ketoglutarate (a co-
substrate required for clavaminic acid biosynthesis; (Salowe et al., 1990)),
while achieving the benefits of higher acetyl-CoA and/or G3P pools that
have made these genes attractive targets for rational engineering to improve
antibiotic production (Viollier et al., 2001a). A potentially important obser-
vation that we cannot explain yet from the current data are the differen-
tial transcript level changes of the two pyruvate kinase isoenzyme genes,
one being downregulated (SCLAV 4329) and the other being upregulated
(SCLAV 1203).
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Figure 3.2: Changes in S. clavuligerus primary and secondary metabol-
ism affecting clavulanic acid production. Changes in gene expression in S.
clavuligerus DS48802 compared to the wild-type ATCC 27064 projected onto a
metabolic map. Green arrows represent reactions catalyzed by genes expressed
over twofold higher in DS48802 than in the wild-type. Red arrows represent re-
actions catalyzed by genes expressed over twofold lower in DS48802. The orange
arrow represents the reaction catalyzed by pyruvate kinase, for which two isoen-
zymes exist which have changed in expression differently, one being downregulated
(SCLAV 4329) and the other being upregulated (SCLAV 1203). Black arrows rep-
resent unchanged steps; solid arrows represent single biosynthetic steps; and dashed
arrows represent multiple steps.



3.3 Conclusions 37

We also observed a remarkable upregulation of glutamine synthetases I
and II (SCLAV 1416 and SCLAV 1431), glutamate synthetases (SCLAV 1231)
and glutamate importers (SCLAV 4660 – 4663). Glutamate can serve as a
source for biosynthesis of the clavulanic acid precursor arginine. This con-
version takes place through the urea cycle involving ornithine as an interme-
diate (Rodrı́guez-Garcı́a et al., 2000), addition of which to the medium has
been shown to strongly enhance clavulanic acid biosynthesis (Chen et al.,
2003). Probably to overcome nitrogen and phosphate limitations, genes en-
coding the transporters for ammonia (SCLAV 4534) and phosphate (SCLAV 3166
– 3169) are also observed to be more highly transcribed in DS48802. This
may be caused by the increased expression of the pathway-specific activa-
tor genes phoU (SCLAV 3220, (Ghorbel et al., 2006)) and glnB (SCLAV 4535,
(Drepper et al., 2003)), which both show over twofold increased transcrip-
tion.

3.3 Conclusions

Our data show that a strain improvement program by random mutagenesis
and screening has caused gene transcript changes in both primary and sec-
ondary metabolism. The overlap with results obtained by rational metabolic
engineering through claR/ccaR overexpression and gap1 deletion is intrigu-
ing. New leads from transcript changes observed in this study, such as the
increased transcription of glutamine and glutamate synthetase genes, and of
those encoding ammonium and phosphate transporters, can now be com-
bined to rationally design novel high-producer strains. This approach might
avoid the introduction of unwanted adverse effects from random mutagen-
esis, and provide strains suited for industrial application in a more efficient
way. In this manner, functional genomics allows two key strategies applied
in biotechnology – random mutagenesis and rational engineering – to be-
come increasingly complementary.
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Chapter 4

Genome-based phylogenetic analysis of
Streptomyces and its relatives

ABSTRACT

Motivation: Streptomyces is one of the best-studied genera of the order
Actinomycetales due to its great importance in medical science, ecology and
the biotechnology industry. A comprehensive, detailed and robust phylogeny
of Streptomyces and its relatives is needed for understanding how this group
emerged and maintained such a vast diversity throughout evolution and how
soil-living mycelial forms (e.g., Streptomyces s. str.) are related to para-
sitic, unicellular pathogens (e.g., Mycobacterium tuberculosis) or marine
species (e.g., Salinispora tropica). The most important application area of
such a phylogenetic analysis will be in the comparative re-annotation of gen-
ome sequences and the reconstruction of Streptomyces metabolic networks
for biotechnology.
Methods: Classical 16S-rRNA-based phylogenetic reconstruction does not
guarantee to produce well-resolved robust trees that reflect the overall relation-
ship between bacterial species with widespread horizontal gene transfer. In our
study we therefore combine three whole genome-based phylogenies with eight
different, highly informative single-gene phylogenies to determine a new ro-
bust consensus tree of 45 Actinomycetales species with completely sequenced
genomes.
Results: None of the individual methods achieved a resolved phylogeny of
Streptomyces and its relatives. Single-gene approaches failed to yield a de-
tailed phylogeny; even though the single trees are in good agreement among
each other, they show very low resolution of inner branches. The three whole
genome-based methods improve resolution considerably. Only by combining
the phylogenies from single gene-based and genome-based approaches we fi-
nally obtained a consensus tree with well-resolved branches for the entire set
of Actinomycetales species. This phylogenetic information is stable and in-
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formative enough for application to the system-wide comparative modeling of
bacterial physiology.

Keywords: Phylogeny; Streptomyces; Actinomycetales; Rank order; rRNA

4.1 Introduction

Streptomyces species are among the best-studied and best-characterized
bacteria due to their significant role for medical science, ecology and

the biotech industry (Lechevalier and Lechevalier, 1967; Embley and Stacke-
brandt, 1994; Bentley et al., 2002). Streptomyces have a particularly complex
secondary metabolism, which produces a large collection of biologically use-
ful compounds. Most importantly, they are employed at large industrial
scale in the production of most of the available antibiotics applied in hu-
man and veterinary medicine, as well as a large number of anti-parasitic
agents, herbicides, immuno-suppressants and several enzymes important in
the food and other industries (Bentley et al., 2002; Cerdeño-Tárraga et al.,
2003; Hopwood, 2007).

The genus Streptomyces is taxonomically located in the diverse bacterial
order Actinomycetales. This group is characterized by an astonishing diver-
sity in terms of morphology, ecology, pathogenicity, genome size, genomic
G+C content, and the number of coding sequences in the genome (Embley
and Stackebrandt, 1994; Ventura et al., 2007; Hopwood, 2007). Morphologi-
cally, some species are rod-shaped or coccoid, while others form fragment-
ing hyphae or a branched mycelium (Ventura et al., 2007). Spore forma-
tion is also very common in Actinomycetales but it is not ubiquitous (Ven-
tura et al., 2007). Ecologically, some actinomycetes are soil–living bacteria,
some are marine, are colonizing thermal springs (Barabote et al., 2009) or
growing on gamma-irradiated surfaces (Phillips et al., 2002) or as plant root
symbionts (Normand et al., 2007) and some are important pathogens of hu-
mans, animals and plants (Goodfellow and Williams, 1983; Castillo et al.,
2002; Tokala et al., 2002). For instance, Mycobacterium tuberculosis causes
tuberculosis (Cole et al., 1998), Corynebacterium diptheria infection results in
diptheria (Cerdeño-Tárraga et al., 2003), Propionibacterium acnes is the agent
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of acnes (Leyden, 2001) and Streptomyces scabies causes potato scab (Takeuchi
et al., 1996). Streptomyces species are found mostly in the soil where they live
as saprophytes (Hopwood, 2007), but recently some species have been de-
scribed in the rhizosphere of plant roots and in other plant tissue (Castillo
et al., 2002; Tokala et al., 2002), isolated from leaf cutting ants (Kost et al.,
2007) and also associated with marine sponge species (Zhang et al., 2008).

Considering the importance of Streptomyces and its relatives in terms of
both biological behavior and metabolic products, it becomes essential to un-
derstand its evolutionary relationships to other species in the diverse Acti-
nomycetales order. On the one hand, an evolutionary study may help to ex-
plain how Streptomyces emerged and adapted to the soil environment. On
the other hand, information obtained from a well-resolved phylogeny can
be used for the comparison of genome sequences, comparative genome re-
annotation, and genome visualization. A robust phylogeny is central for on-
going efforts in many groups to reconstruct system-wide metabolic models
of Streptomyces and related species (Borodina et al., 2005a), which are used
for systematic strain-engineering in biotechnology.

Currently available phylogenies of the group are based on 16S rRNA,
individual genes, or comparative genomic approaches (Embley and Stacke-
brandt, 1994; Takeuchi et al., 1996; Stackebrandt et al., 1997; Anderson and
Wellington, 2001; Egan et al., 2001; Gao and Gupta, 2005; Chater and Chan-
dra, 2006; Manteca et al., 2006). Such reconstructions tend to be relatively
unstable and are not guaranteed to reflect the overall evolutionary history in
a complex group with widespread horizontal gene transfer. To address this
issue and to determine potential problematic areas in the single-gene phy-
logenies, we made use of whole-genome information. We not only recon-
structed phylogenetic trees based on eight highly conserved single genes, in-
cluding three rRNA sequences (5S, 16S, 23S rRNA) and five ubiquitous pro-
tein sequences (isoleucyl tRNA synthetase, ribosomal protein S1, SecY, GTPase,
DNA topoisomerase), but also integrated three different phylogenetic recon-
structions based on complete genome sequences, using gene content, gene
order and gene concatenation analysis.

Our analysis is based on 45 species from eight different suborders of
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Actinomycetales, including four genome sequenced Streptomyces species (Table
4.1). Escherichia coli and Bacillus subtilis are used as outgroups, and two dis-
tantly related Actinobacteria, Bifidobacterium longum NCC2705 and Bifidobac-
terium adolescentis ATCC 15703, serve as sub-outgroups.

Our results showed that single-gene approaches did not yield a resolved
phylogeny of Actinomycetales. Resolution is much improved in the whole
genome-based reconstructions: the phylogenetic trees are in good agreement
with each other and better resolution of inner branches is achieved. We
combine the information from the single-gene phylogenies and the whole
genome-based approaches to reconstruct a final consensus tree. The result-
ing tree shows a detailed, well-supported phylogeny of the 45 Actinomyc-
etales species with complete resolution of inner branches at species level,
which was not achieved independently by any of the individual methods
which generally show weakly resolved clusters. The consensus tree is in
good agreement with the traditional taxonomic classification at the family
and suborder level. The only major exception is Kineococcus radiotolerans
SRS30216, which is placed in Micrococcineae rather than in Frankineae as re-
ported previously (Lilburn and Garrity, 2004; Lee, 2006; Normand et al.,
2007), in agreement with the most recent revision of the Actinobacteria (Zhi
et al., 2009).

Species in the same color belong to the same family or suborders in tradi-
tional taxonomies. Bifidobacteriales are close relatives of Actinomycetales, and
also belong to the order Actinobacteridae. They are used as sub-outgroups,
together with the more distantly related outgroup species Escherichia coli and
Bacillus subtilis.

4.2 Methods

In this study we combine single-gene and whole-genome approaches to ob-
tain a completely resolved picture of the phylogeny of Streptomyces and their
relatives.
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Table 4.1: List of species considered in the study
Suborder Family Species Species kegg ID
Corynebacterineae Corynebacteriaceae Corynebacterium jeikeium K411 cjk

Corynebacterium glutamicum ATCC 13032 cgl
Corynebacterium diphtheriae NCTC 13129 cdi
Corynebacterium efficiens YS-314 cef
Corynebacterium glutamicum ATCC 13032 new cgb

Mycobacteriaceae Mycobacterium leprae TN mle
Mycobacterium tuberculosis H37Ra mra
Mycobacterium bovis BCG str. Pasteur 1173P2 mbb
Mycobacterium tuberculosis F11 mtf
Mycobacterium ulcerans Agy99 mul
Mycobacterium gilvum PYR-GCK mgi
Mycobacterium vanbaalenii PYR-1 mva
Mycobacterium sp. KMS mkm
Mycobacterium smegmatis str. MC2 155 msm
Mycobacterium avium 104 mav
Mycobacterium sp. MCS mmc
Mycobacterium avium subsp. paratuberculosis map
Mycobacterium bovis AF2122/97 mbo
Mycobacterium tuberculosis CDC1551 mtc
Mycobacterium tuberculosis H37Rv mtu
Mycobacterium sp. JLS mjl

Nocardiaceae Rhodococcus sp. RHA1 rha
Nocardia farcinica IFM 10152 nfa

Frankineae Acidothermaceae Acidothermus cellulolyticus 11B ace
Frankiaceae Frankia alni ACN14a fal

Frankia sp. EAN1pec fre
Frankia sp. CcI3 fra

Kineosporiineae Kineosporiaceae Kineococcus radiotolerans SRS30216 kra
Micrococcineae Cellulomonadaceae Tropheryma whipplei TW08/27 tws

Tropheryma whipplei str. Twist twh
Microbacteriaceae Clavibacter michiganensis subsp. michiganensis NCPPB 382 cmi

Leifsonia xyli subsp. xyli str. CTCB07 lxx
Micrococcaceae Arthrobacter sp. FB24 art

Arthrobacter aurescens TC1 aau
Renibacterium salmoninarum ATCC 3209 rsa

Micromonosporineae Salinispora arenicola CNS-205 sar
Salinispora tropica CNB-440 stp

Propionibacterineae Propionibacterium acnes KPA171202 pac
Nocardioides sp. JS614 nca

Pseudonocardineae Saccharopolyspora erythraea NRRL 2338 sen
Streptomycineae Streptomyces avermitilis MA-4680 sav

Streptomyces coelicolor A3(2) sco
Streptomyces scabies ssc
Streptomyces griseus sgr

Streptosporangineae Thermobifida fusca YX tfu
Bifidobacteriales Bifidobacterium longum NCC2705 blo

Bifidobacterium adolescentis ATCC 15703 bad
Outgroup Escherichia coli eco

Bacillus subtilis bsu

4.2.1 Gene selection and single gene-based phylogeny

The majority of large scale phylogenetic reconstructions are currently based
on rRNA sequences. Since rRNAs are essential, they are highly conserved
throughout different species, lateral transfer is very rare, and their molecu-
lar size ensures they carry abundant evolutionarily informative sites. This
makes rRNA extremely informative for phylogenetic analysis (Woese, 1987).
For this study we included 3 different rRNA genes (5S, 16S and 23S) for
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single-gene analysis. For comparison, we included 5 large and broadly con-
served protein sequences: isoleucyl tRNA synthetase, ribosomal protein S1, DNA
topoisomerase, SecY and GTPase, involved in a variety of conserved cellular
functions. The selection of these protein sequences was based on their level
of conservation (Figure 4.1 A) and sequence length. Since each sequence po-
sition contains information on a very narrow range of evolutionary time, a
larger number of independently evolving positions leads to better phyloge-
netic resolution (Olsen and Woese, 1993). Reconstructions based on larger
molecules are also less affected by local non-random re-arrangements (Snel
et al., 2005; Kunisawa, 2007).

Sequences were aligned separately by ClustalW (Thompson et al., 1994),
sites containing gaps were removed, and 100 bootstrap replicates of each
individual sequences alignment were generated. We used neighbor-joining
(Saitou and Nei, 1987), Fitch-Margoliash (Fitch and Margoliash, 1967), max-
imum parsimony (Sourdis and Nei, 1988) and maximum likelihood (Felsen-
stein, 1981), all implemented in the PHYLIP package (Felsenstein, 2007) as
alternative approaches for phylogenetic inference. Final trees for all indi-
vidual sequences were built by using the CONSENSUS program using the
majority-rule consensus approach on all bootstrap results (Felsenstein, 2007).
The resulting trees show a conservative picture of the phylogeny, including
only the best-supported relationships as resolved.

4.2.2 Whole genome-based phylogeny

For the genome-based approach we collected all coding sequences from the
genome annotations of 45 Actinomycetales species and 4 outgroup species
(Table 4.1) available in the National Center for Biotechnology Information
database (http://www.ncbi.nlm.nih.gov/). Homologs were assigned using
a reciprocal best hit strategy. We found 155 broadly conserved proteins,
which were present in all species and were used for gene concatenation and
gene order-based phylogenetic reconstruction. A third analysis was based
on the entire gene content of the same 49 genomes.
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Gene concatenation phylogeny

Phylogeny based on concatenated gene sequence data (Brown et al., 2001;
Herniou et al., 2001; Ciccarelli et al., 2006) is an intuitive extension of the
single-gene approach. Instead of focusing on one or a few genes, it uses the
concatenated sequence of all conserved proteins (Figure 4.1 B). Hence, the
approach is potentially more robust because of the greatly increased num-
ber of phylogenetic informative sites. The 155 ubiquitous protein sequences
were individually aligned using ClustalW (Thompson et al., 1994) and, after
removing all sites containing gaps, the 155 alignments were concatenated
into one meta-alignment. The meta-alignment contained a total of 40333
phylogenetically informative sites. A complete list of all proteins included
is provided in the Supporting information. For tree building we again used
neighbor-joining, Fitch-Margoliash and maximum parsimony, with 100 boot-
strap replicates. Due to computational constraints, maximum likelihood was
not used for this part of the study.

Gene order phylogeny

Quite independent of the gene sequences, the physical order of genes along
the genome is phylogenetically highly informative, and earlier studies have
already confirmed that phylogenetically related genomes clearly have simi-
lar gene order (Koonin et al., 2000; Rokas and Holland, 2000; Snel et al., 2005;
Kunisawa, 2007). An important advantage is that this approach is largely
independent of sequence alignments and will not be affected by misalign-
ments that often lead to wrong tree topologies. We again considered all 155
ubiquitous genes and then compared their left and right neighbors for all
pairs of genomes (Figure 4.1 C). We calculate a similarity score for each spe-
cies pair, determining how many neighbors are shared (maximum score =
2 * 155). To build a tree from the resulting similarity matrix we used three
different distance methods: neighbor-joining (Saitou and Nei, 1987), Fitch-
Margoliash (Fitch and Margoliash, 1967) and Kitch (Felsenstein, 2007) with
100 bootstrap replicates.
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Gene content phylogeny

The two genome-based approaches described so far consider only those genes
that are universally conserved. Those molecules which are conserved only
in sub-clades are ignored. To overcome this limitation, we used gene content
analysis (Figure 4.1 D), which is a comprehensive way of phylogenetic infer-
ence which takes into account conservation distributed all over the genome
(Gibbon and House, 1999; Snel et al., 1999; Lin and Gerstein, 2000; Montague
and Hutchison, 2000; Daubin et al., 2002; Huson and Steel, 2004; Henz et al.,
2005). Here we use a very simple and robust way to implement this phyloge-
netic inference strategy: For each pair of species we calculated the percentage
of genes that have a reciprocal best hit (homolog), relative to the number of
genes in the longer of the two genomes.

The resulting similarity matrix was used for phylogenetic reconstruc-
tion using neighbor-joining, Fitch-Margoliash, and Kitch with 100 bootstrap
replicates.

4.2.3 Rank order

A phylogenetic tree visualizes the evolutionary relationships among organ-
isms by grouping them in different clades. However, for some applications,
it is more convenient to also obtain a linear ordering of species according to
their similarity to a target species. Such a ranking of organisms is particu-
larly useful for genome visualization, but also for determining the proper
weighting of species in comparative metabolic network reconstruction. We
implemented three different ways of ranking the species, based on average
rank, median rank and rank product (Breitling et al., 2004). The ranking of
species based on their phylogenetic distances to Streptomyces coelicolor, our
main target species, was obtained from all eight single gene-based phyloge-
nies and from all three genome-based methods.
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Figure 4.1: Cartoon of the independent sources of information used to resolve the
phylogeny of 45 Actinomycetales species. Six different genomes are illustrated
in the cartoon. Each box represents a gene and boxes with the same color repre-
sent homologous genes in different genomes. Four different independent sources of
information have been used for the phylogenetic reconstruction: (a) Single-gene phy-
logeny considers only individual, highly conserved genes in different genomes. The
blue boxes represent one selected universally conserved gene, while crossed boxes
indicate those genes which are not considered in the tree reconstruction. (b) Gene
concatenation phylogeny uses the concatenated sequence of all the universally con-
served proteins in the genomes; crossed boxes indicate genes that are not taken into
consideration because they are not ubiquitous. (c) Gene order phylogeny takes into
account the physical order of genes: by comparing the identity (not the sequence) of
the left and the right neighbors of each ubiquitous gene, a similarity matrix is ob-
tained and used to build the phylogenetic tree; crossed boxes indicate genes that are
neither ubiquitous nor neighbors of ubiquitous genes. (d) Gene content phylogeny
takes into account conservation through all genomes: by calculating the percentage
of homologs between pairs of species relative to the total number of genes, we obtain
a similarity matrix which is used for phylogenetic reconstruction. Crossed boxes
indicate that genes that occur only in single species.
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4.3 Results

Single gene-based phylogeny

As expected, all single-gene trees are rather poorly resolved. The tree based
on 5S rRNA gene gives the most unresolved evolutionary picture, due to
the short sequence: most of the organisms of Actinomycetales belonging to
the same family are grouped in one cluster, but at the suborder level no res-
olution is shown (Figure 4.2 A). The phylogenetic trees based on 16S rRNA
(Figure 4.2 B) and 23S rRNA (Figure 4.2 C) sequence genes are more resolved
at the suborder level [Supporting information: Phylogenetic trees with boot-
strap values], as is the case for the highly conserved protein trees [Supporting
information: Protein sequence trees]. While the overall evolutionary struc-
ture is the same for all 8 consensus trees, there are a number of poorly re-
solved relationships, where various single-gene trees disagree.

For instance, in the 23S rRNA tree two families of the suborder Frank-
ineae (Acidothermaceae and Frankiaceae) are clustered with the suborder Strep-
tomycineae and a member of Kineosporiaceae, Kineococcus radiotolerans SRS30216,
is merged with the suborder Micrococcineae. In the protein trees, Kineococcus
radiotolerans SRS30216 is placed in the suborder Micrococcineae or unresolved.
In the 16S rRNA tree the suborders Frankineae and Streptomycineae are shown
in two unresolved independent branches. In contrast, in some of the protein
trees, Frankineae is clustered with Streptomycineae.

Thermobifida fusca YX of the suborder Streptosporangineae is clustered with
two families of Frankineae in the 16S rRNA tree, but with Saccharopolyspora
erythraea NRRL 2338 of the suborder Pseudonocardineae in the 23S rRNA tree.

The placement of the suborder Micromonosporineae is not clearly resolved
in the rRNA-based trees: in the 5S rRNA and 23S rRNA tree their place-
ment is unresolved, while in 16S rRNA Micromonosporinea are with suborder
Frankineae.

The families Corynebacteriaceae, Mycobacteriacae and Nocardiaceae of subor-
der Corynebacterineae which should be grouped in a monophyletic cluster, as
indicated by Casanova and Abel (Casanova and Abel, 2002) fall in three sep-
arate unresolved branches instead in the rRNA trees, while the five protein
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Figure 4.2: Consensus trees based on rRNA sequences, (A) 5S rRNA, (B) 16S
rRNA, (C) 23S rRNA. Initial trees were reconstructed using four tree inference ap-
proaches (NJ, Fitch, ML, PARS) with 100 bootstrap replicates each and combined
by majority-rule consensus to include only well-supported branches. Organisms
having the same colors are members of the same suborder in the taxonomical classi-
fication of NCBI.

sequence trees show Corynebacteriaceae plus Mycobacteriacae plus Nocardiaceae
as a monophyletic group as expected (Casanova and Abel, 2002), while other
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subgroups mostly remain unresolved.

Most species of Mycobacteriacae are well resolved, but the phylogeny among
the six pathogenic species within the Mycobacterium suborder [Mycobacterium
tuberculosis F11, Mycobacterium tuberculosis H37Rv, Mycobacterium tuberculo-
sis H37Ra, Mycobacterium tuberculosis CDC1551, Mycobacterium bovis BCG str.
Pasteur 1173P2, Mycobacterium bovis AF2122/97] is very poorly resolved: the
six species form a single, completely unresolved branch in all rRNA consen-
sus trees and in four protein-based trees.

When the tree is rooted on E. coli and B. subtilis, the sub-outgroups Bifi-
dobacterium longum NCC2705 and Bifidobacterium adolescentis ATCC 15703 are
placed on an unresolved branch among the actinomycetes.

Thus, from the analysis of three rRNA genes and eight proteins we could
not obtain a completely resolved, well-supported picture of Actinomycetales
phylogeny. To overcome this problem we moved onto whole genome-based
phylogenetic reconstruction methods.

Gene concatenation phylogeny

The phylogenetic tree based on the concatenation of 155 protein sequences
highly conserved among actinomycetes gives better resolution than single
molecule based phylogeny (Figure 4.3 A). It shows excellent congruence with
the 16S and 23S rRNA trees (Figure 4.2 A-C) for all major taxonomic group-
ings, confirming the validity of the method. One of the more resolved branches
contains the families Corynebacteriaceae, Mycobacteriacae and Nocardiaceae, which
are now clustered in a monophyletic group as expected (Koonin et al., 2000).
The cluster containing the six pathogenic species of Mycobacterium, which
was completely unresolved in the single gene-based phylogeny, is instead
well resolved here in agreement with the taxonomic classifications in the
NCBI database. Three families of the suborder Micrococcineae [Cellulomon-
adaceae, Microbacteriaceae, Micrococcaceae] are grouped together in one branch
and individual species are correctly related to their traditional taxonomic
family members. When the tree is rooted on E. coli and B. subtilis, Bifi-
dobacterium longum NCC2705 and Bifidobacterium adolescentis ATCC 15703 are
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clearly present as well-resolved sub-outgroups.
An interesting agreement with the single-gene phylogenies is the group-

ing of the two families Frankineae and Streptomycineae with a member of Strep-
tosporangineae, Thermobifida fusca YX. Surprisingly, Kineococcus radiotolerans
SRS30216 still does not branch with any Frankineae species, in contrast to tra-
ditional phylogenies (Lee, 2006; Normand et al., 2007; Garrity et al., 2004).

Gene order phylogeny

The tree based on gene order is independent from gene sequences and mul-
tiple sequence alignments. This tree again shows very good resolution and
good overall agreement with single-gene trees (Figure 4.3 B). One impor-
tant improvement is the finding of the three families Corynebacteriaceae, My-
cobacteriacae and Nocardiaceae (Corynebacterineae) in one group with strong
bootstrap support. The internal branch of Mycobacteriaceae containing the
six pathogenic species is again more resolved than in the single-gene phy-
logenies, and the branching mostly agrees with the gene concatenation tree.
On the other hand, relationships among the different families of Frankineae,
Streptosporangineae and Streptomycineae are less defined here. While all four
Streptomyces species are places in a single cluster, the three families of Frank-
ineae are scattered and their phylogeny unresolved.

Gene content phylogeny

The tree based on gene content (Figure 4.3 C), which uses a third indepen-
dent source of phylogenetic evidence, is congruent with the 16S and 23S
rRNA (Figure 4.2 B and C) trees and with two other whole genome-based
trees (Figure 4.3 A and B) for all major branches. Frankineae, Streptomycineae
and Thermobifida fusca YX are again clustered in one group. Also, once again
Kineococcus radiotolerans SRS 30216 is unexpectedly clustered with Micrococ-
cineae. The three families Corynebacteriaceae, Mycobacteriacae and Nocardiaceae
of the suborder Corynebacterineae fall in one monophyletic group. Branching
of the six pathogens of Mycobacteriaceae is fully resolved and agrees with pre-
vious taxonomic classifications. The phylogeny of the three families of the
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suborder Micrococcineae [Cellulomonadaceae, Microbacteriaceae, Micrococcaceae]
is completely resolved and branching follows traditional groupings.

Rank order

The rank order of species, using Streptomyces coelicolor as our focus species,
shows a close relationship between Streptomycineae, Frankineae, and Strep-
tosporangineae (Table 4.3). Among the Streptomyces species, Streptomyces coeli-
color is most closely related to Streptomyces avermitilis, followed by Strepto-
myces scabies and Streptomyces griseus.

The rank product ranking (Breitling et al., 2004) combines the similarity
metrics based on all sources of phylogenetic information (gene sequences,
gene order, gene content) into a consensus linear ordering of species. Rank-
ings based on average or median rank yield very similar results [Supporting
information: Average and Median rank]. This arrangement can be used, for
instance, for arranging species in genome visualization or for determining
the weight of species in comparative metabolic modeling.

Consensus tree

As we have shown, all individual tree reconstruction methods show rather
low resolution, but good agreement among each other and with classical tax-
onomical groupings [Supporting information: Phylogenetic trees with boot-
strap values]. We also saw that whole genome-based reconstructions gener-
ally show a notably improved resolution. Can we use all this information
to finally build one, well-supported consensus tree that fully resolves the
relationships among our species of interest? To make sure that the final con-
sensus tree contains only branches that are strongly supported by the avail-
able evidence, we combined the information from all single-gene and whole
genome-based using a majority-rule consensus (Figure 4.4). The resulting
tree shows a completely resolved phylogeny of all 45 Actinomycetales spe-
cies, a result that was not achieved independently by any of the individual
approaches, whether single gene or genome-based.

The advantage of our integrative approach is most easily seen in the
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Figure 4.3: Phylogenetic trees based on whole-genome approaches. (A) Gene con-
catenation phylogeny based on the concatenation of 155 ubiquitously conserved pro-
teins. (B) Gene order phylogeny based on conserved neighbor relationships along the
genome. (C) Gene content phylogeny based on comparison of the set of homologous
proteins shared between pairs of species. Coloring as in figure 4.2.

family Mycobacteriaceae: the rRNA-based reconstructions (Figure 4.2), the
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Table 4.2: Consensus ranking of species.Consensus ranking of species based on
their distance from our focus species Streptomyces coelicolor. The rank product
ranking (Breitling et al., 2004) combines the similarity metrics based on all sources
of phylogenetic information (gene sequences, gene order, gene content) into a con-
sensus linear ordering of species. Rankings based on average or median rank yield
very similar results (Supplementary information: Average and Median rank). This
arrangement can be used, for instance, for arranging species in genome visualization
or for determining the weight of species in comparative metabolic modeling.

Organism Product rank
Streptomyces coelicolor A3(2) 1
Streptomyces avermitilis MA 4680 2.629032212
Streptomyces scabies strain 8722 2.727747733
Streptomyces griseus strain IFO13350 4.100117402
Thermobifida fusca YX 9.663449262
Nocardioides sp JS614 11.08997499
Acidothermus cellulolyticus 11B 11.39609635
Frankia alni ACN14a 12.06983368
Frankia sp CcI3 12.07899215
Salinispora tropica CNB 440 12.33425514
Kineococcus radiotolerans SRS30216 12.49817983
Frankia sp EAN1pec 13.186375
Salinispora arenicola CNS 205 13.69372661
Saccharopolyspora erythraea NRRL 2338 16.38845893
Nocardia farcinica IFM 10152 17.18458994
Arthrobacter aurescens TC1 18.39612703
Clavibacter michiganensis subsp michiganensis NCPPB 382 18.45680603
Rhodococcus sp RHA1 18.83692805
Propionibacterium acnes KPA171202 19.40448096
Arthrobacter sp FB24 20.27505199
Leifsonia xyli subsp xyli str CTCB07 20.46342192
Renibacterium salmoninarum ATCC 33209 21.4049949
Mycobacterium sp KMS 24.40733018
Mycobacterium sp MCS 24.44682101
Mycobacterium smegmatis str MC2155 24.52484051
Mycobacterium vanbaalenii PYR-1 24.72413092
Mycobacterium sp JLS 25.83612758
Mycobacterium avium subsp paratuberculosis str k10 26.4275277
Mycobacterium gilvum PYR-GCK 26.5103845
Mycobacterium tuberculosis H37Rv 26.7345383
Mycobacterium tuberculosis CDC1551 26.9326884
Mycobacterium tuberculosis H37Ra 27.18827008
Mycobacterium bovis subsp bovis AF2122 97 27.212368
Mycobacterium bovis BCG Pasteur 1173P2 27.93566467
Mycobacterium tuberculosis F11 28.13822088
Tropheryma whipplei TW08 27 28.8506511
Mycobacterium avium 104 28.95281287
Tropheryma whipplei str Twist 29.5717043
Corynebacterium jeikeium K411 29.92280148
Mycobacterium ulcerans Agy99 29.96251954
Mycobacterium leprae TN 30.30757177
Corynebacterium diphtheriae NCTC 13129 30.48200786
Corynebacterium efficiens YS-314 30.66788683
Corynebacterium glutamicum ATCC 13032 33.63478094
Corynebacterium glutamicum ATCC 13032 new 33.67214223
Bifidobacterium longum NCC2705 38.99584717
Bifidobacterium adolescentis ATCC 15703 39.88074983
Bacillus subtilis 48.08436608
Escherichia coli K12 48.36125292

species are only divided into broad clusters with poor resolution of inner
branches. In the genome-based approaches the resolution improves notably,
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but the branching in the different trees is not always consistent (Figure 4.3).
In the final consensus tree, the subdivisions of the Mycobacteriaceae species
are fully resolved (Figure 4.4), despite using a strict majority-rule consen-
sus approach, which includes only the best-supported phylogenetic relation-
ships.

In the final consensus reconstruction (Figure 4.4) the four species of Strep-
tomyces are grouped consistently in a single cluster. The closest organism is
Thermobifida fusca YX (suborder Streptosporangineae), in agreement with the
rank order analysis (Table 4.3). These five species are shown to be the sister
group of the genus Frankineae, and closely related to the large cluster con-
taining Micromonosporineae and Corynebacterineae. The suborders Pseudono-
cardineae and Corynebacterineae are phylogenetically very close to each other
as seen already in two of the genome-based approaches (gene concatena-
tion and gene order) and in several single gene-based trees (ribosomal protein
S1, SecY, GTPase, DNA topoisomerase). Remarkable is also the placement of
Kineococcus radiotolerans SRS 30216: previous classifications placed this spe-
cies close to Frankineae (Lee, 2006; Normand et al., 2007; Garrity et al., 2004),
while in the consensus tree in figure 4.4 the species is placed among the Mi-
crococcineae, in agreement with the most recent phylogeny of the phylum
Actinobacteria (Zhi et al., 2009).

4.4 Conclusions

We aimed to determine a comprehensive, detailed and robust phylogeny of
Streptomyces and its closest relatives in Actinomycetales by using single gene-
based and genome-based phylogenies. The results from the different ap-
proaches were combined in a consensus tree that shows a completely re-
solved, well-supported phylogeny of the 45 actinomycetes with high resolu-
tion of all inner branches.

Overall, the high-level branchings in our consensus tree agree well with
traditional taxonomic subdivisions, grouping together those species which
belong taxonomically to the same family or the same suborder. The only ma-
jor exception is Kineococcus radiotolerans SRS 30216, which is placed in Micro-
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Figure 4.4: Fully resolved final consensus tree of Streptomyces and its relatives,
reconstructed from all the independent sources of evolutionary information (gene
sequences, gene order, gene content) collected in this study.

coccineae rather than in Frankineae as reported previously (Lilburn and Gar-
rity, 2004; Lee, 2006; Normand et al., 2007). This confirms the general validity
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of our strategy.

The relationships among the Streptomyces species and their relatives are
fully resolved only in the final consensus tree (Figure 4.4). The species clos-
est to Streptomyces is Thermobifida fusca YX, a moderately thermophilic soil
bacterium from the suborder Streptosporangineae. The Streptomyces cluster is
furthermore closely related to Frankineae species, a group of nitrogen-fixing,
nodule-forming bacteria. This finding will be useful for future computa-
tional studies exploring the evolution of metabolic capacities in Streptomyces
species by quantitative genome-based modeling (Price et al., 2004; Breitling
et al., 2008).

For the gene concatenation analysis, the reconstruction of phylogenies at
the species level could be affected by lateral gene transfer (LGT). Genes that
are likely to be subject to LGT should be excluded from the analysis. In our
case, the focus on a closely related group of species makes the reliable iden-
tification of such LGT candidates impossible. However, the majority of pro-
teins included in the concatenation are encoded by single-copy genes in the
majority of genomes, making them unlikely to be subject to widespread LGT.
Moreover, we focus on the most highly conserved subset of 155 genes (those
present in all species studied), which are least likely to be affected by LGT.
This is confirmed by the fact that for all resolved branches the gene concate-
nation phylogeny and the gene order phylogeny show complete agreement.

In this study we have shown that single-gene analysis can lead to poorly
resolved or even misleading phylogenies, and demonstrated a way of us-
ing whole-genome analysis to overcome this limitation. We demonstrate
that only by a combination of methodologies it is possible to achieve a fully
revolved phylogeny with detailed and well-supported inner branches. It
will be interesting to apply this method to larger groups of organisms (for
instance, all bacteria); the small number of universally conserved protein-
coding genes will, however, necessitate modifications in the approach, so
that phylogenetic signal from widespread, but non-universal genes can also
be included in the analysis.

The phylogenetic reconstructions from the different sources (single gene
or whole genome-based phylogenies) agree at the family level with the tra-
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ditional taxonomy, but at species level they show a much richer, fine-grained
picture of the relationships.

The resulting consensus tree, which is supported by a variety of inde-
pendent sources of evidence (gene sequences, gene order, gene content), will
form a solid basis for future comparative genome annotation and across-
species modeling of metabolic pathways. This will be an essential resource
for the further exploitation of Streptomyces species in biotechnology and sys-
tems biology research.
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Chapter 5

Comparative genome-
scale metabolic modeling of actinomycetes: the
topology of essential core metabolism

ABSTRACT

Actinomycetes are very important bacteria, both from a clinical and a commer-
cial perspective. On the one hand, some of them cause severe human and plant
diseases; on the other hand, other species are known for their ability to produce
antibiotics. This group exhibits a tremendous diversity in terms of ecological
niche, as reflected in widely varying genome size.

Here we report the results of a comparative analysis of genome-scale metab-
olic models of 37 species of Actinomycetales. Based on single-gene in silico
knockouts we generated topological and genomic maps of essential enzymes in
each organism. We found that low-degree enzymes (i.e., those mostly involved
in linear pathways) are generally more essential than high-degree enzymes (i.e.,
those located at metabolic hubs).

Combining the collection of genome-wide models, we were able to construct
a global enzyme association network and to identify both a conserved “core
network” and an “essential core network” of the entire group.

5.1 Introduction

The order Actinomycetales, a clade of gram positive bacteria, is one of the best
studied groups of bacteria and belongs to the largest phylum of bacterial
taxonomy, Actinobacteria (Ventura et al., 2007). It is in some respects the most
diverse order of bacteria and exhibits biodiversity along several dimensions,
including genome length, morphology, ecology, pathogenicity, genomic G+C
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content, and the number of coding sequences in the genome (Embley and
Stackebrandt, 1994; Ventura et al., 2007; Alam et al., 2010a). For instance,
genome size varies from a mere 0.9 Mbp in Tropheryma whipplei to more than
11.9 Mbp in Streptomyces bingchenggensis, which is one of the largest bacterial
genomes ever sequenced. Ecologically, some species are soil-dwelling bac-
teria, some are marine bacteria, others colonize thermal springs (Barabote
et al., 2009) or grow on gamma-irradiated surfaces (Phillips et al., 2002) or
as plant root symbionts (Normand et al., 2007). The group also contains
several important pathogens, affecting animals and plants (Goodfellow and
Williams, 1983; Castillo et al., 2002; Tokala et al., 2002): Mycobacterium tu-
berculosis causes tuberculosis (Cole et al., 1998), Corynebacterium diptheria in-
fection results in diphtheria (Cerdeño-Tárraga et al., 2003), Propionibacterium
acnes is the agent of acnes (Leyden, 2001), and Streptomyces scabies causes
potato scab (Takeuchi et al., 1996). The generally high genomic G+C con-
tent varies from 50% in some Corynebacteria to over 70% in Streptomyces and
Frankia (Ventura et al., 2007). From a commercial point of view, this group
of organisms is also highly important: it has been reported that more than
half of the clinically available antibiotics are produced by Actinomycetales,
and out of these, more than 70% are synthesized by the single genus Strep-
tomyces (Goodfellow and Williams, 1983; Castillo et al., 2002; Tokala et al.,
2002; Hopwood, 2007).

Despite this amazing diversity, these organisms are clustered together
tightly within a single taxonomic branch (Alam et al., 2010a). A number of
different studies have examined the genomic commonalities among these
organisms (Snel et al., 1999; Sassetti et al., 2001; Yukawa et al., 2007; Alam
et al., 2010a). A study to define a set of signature genes has identified a set of
233 conserved proteins which are specific for Actinobacteria – the parent phy-
lum of actinomycetes – and which are not shared by other organisms (Gao
and Gupta, 2005). These signature proteins were employed to elucidate the
interrelationships among different subgroups of Actinobacteria. Some addi-
tional comparative studies have been performed for specific subsets of acti-
nomycetes (Yukawa et al., 2007; Sevilla et al., 2008; Monot et al., 2009). For in-
stance, in one study, Yukawa and colleagues investigated the core gene set of
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Corynebacteria glutamicum and reported 39 novel genes by comparison with
other Corynebacteria (Yukawa et al., 2007). Most such studies have focused on
homology-based profiling for individual genes. No integrative comparative
study of similarities and differences at a global scale has been performed to
date.

Here we present such a global comparison, based on the genome se-
quences of more than thirty species of Actinomycetales. In the course of this
study, we not only performed a comparative study of a large set of actino-
mycetes, but also established a general pipeline for comparative modeling
of large number of species. We can extend this approach to other bacterial
groups and include an even large phylogenetic sample in a single study to
understand the origin of bacterial metabolic systems.

5.2 Results and Discussion

5.2.1 Model statistics

For the first time, we have reconstructed genome-scale models of 37 acti-
nomycetes and performed comparative analysis of the metabolic systems
of these organisms. We used the High-Throughput Genome-scale Metab-
olic Reconstruction (HTGMR) pipeline of the SEED framework (Henry et al.,
2010) to generate preliminary metabolic models, and added a defined min-
imal set of missing reactions to these models which appeared necessary to
simulate biomass production in flux balance analysis in a single common
minimal medium condition.

As described earlier, actinomycetes have a very large diversity of genome
sizes, ranging from 0.9 Mbp to almost 12 Mbp. Conceivably, this leads to sim-
ilarly large differences in the size of the genome-scale models, as the number
of enzymatic reactions, metabolites, genes and enzymes in the models are all
strongly positively correlated with the genome size.

As all preliminarily generated genome-scale metabolic models contain
gaps (Feist et al., 2009), we identified a minimal set of essential orphan re-
actions (gaps that need to be filled) for all preliminary reconstructed mod-
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Figure 5.1: Model statistics. This figure shows the correlation of various descrip-
tors of the genome-scale models with genome size: total number of reactions, total
number of missing reactions and total metabolite count. Larger genomes have more
reactions and more of metabolites in their models compared to shorter genomes.

els according to the need for cellular growth in a defined common minimal
medium (see method sections for detailed description). We observed that
also the number of such defined missing reactions that need to be added
to complete the models is strongly negatively correlated with genome size
(Figure 5.1). Plausible causes of this result are that larger genomes generally
contain more alternative pathways and duplicate enzymes and that smaller
genomes generally encode more enzymes which perform multiple functions
(Yus et al., 2009). The models based on these genomes therefore need signif-
icantly less gap filling as compared to those based on the shorter genomes
Table 5.1).

In total, a set of 283 orphan essential reactions are defined among all
models. Of these, 5 reactions constitute gaps in all models: these include
N-acetyl-beta-D-mannosaminyltransferase, D-alanine-poly (phosphoribitol)
ligase, stearoyl-lipoteichoic acid synthesis, isoheptadecanoyl-lipoteichoic acid
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Table 5.1: Average number of essential orphan reactions added to different
suborders of the order Actinomycetales

Suborder gaps Average genome size (Mb)
Streptomycineae 48 8.7
Micromonosporineae 48 5.5
Pseudonocardineae 51 8.2
Frankineae 53 6.1
Corynebacterineae 54 4.3
Streptosporangineae 54 3.6
Propionibacterineae 73 3.8
Micrococcineae 88 2.3

synthesis and anteisoheptadecanoyl-lipoteichoic acid synthesis. These reac-
tions are necessary for teichoic acid biosynthesis which is particularly poorly
characterized in Actinomycetales but is considered essential for their biomass
production (Rahman et al., 2009).

Other reactions, which are represented by gaps in related subsets of spe-
cies, are interesting candidates for further experimental investigation: they
may be carried out by alternative pathways with uncharacterized biochem-
istry, or the organisms could have unusual biomass compositions.

5.2.2 In silico gene and enzyme knockout to predict essential genes
and enzymes

In recent years, several experimental and computational approaches have
been used to study the minimal gene set of an organism (Fraser et al., 1995;
Mushegian and Koonin, 1996; Sassetti et al., 2001; Kobayashi et al., 2003; Gil
et al., 2004; Seringhaus et al., 2006; Gabaldón et al., 2007; Hoffmann et al.,
2010). We have found that the genome size of an organism is the strongest
determinant of the total number of genes as well as of the total number of
predicted essential genes (Figure 5.2 A). The total gene count is positively
correlated with genome size (r = 0.92, p-value < 2.2e–16). On the other hand,
the number of predicted essential genes is negatively correlated with gen-
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Figure 5.2: Correlation of genome length with total number of genes, total
number of essential genes, total number of enzymes and total number of es-
sential enzymes. (A) Positive correlation of genome length (x-axis) with the total
number of genes in the metabolic model (r = 0.92, p-value < 2.2e–16), and negative
correlation of genome length with the total number of predicted essential genes (r =
–0.78, p-value = 8.65e–09), presented by the size of the circles. (B) Positive corre-
lation of genome length (x-axis) with the total number of enzymes in the metabolic
model (r = 0.91, p-value = 2.702e–15), and negative correlation of genome length
with the total number of predicted essential enzymes (r = –0.64, p-value = 2.046e–
05), presented by the size of the circles.

ome size (r = –0.78, p-value = 8.65e–09) (Figure 5.2 A). Similar results have
been reported earlier for gene essentiality of the small genome of Mycoplasma
genitalium, for which 382 out of 482 genes were reported to be essential (Glass
et al., 2006).

Due to the presence of duplicate genes or alternative pathways, the dele-
tion of single genes sometimes has no effect on an organism’s phenotype (Gu
et al., 2003). If a gene has another functionally equivalent homolog that is ex-
pressed under the right conditions, knocking out that particular gene will
have no effect in cellular growth because the required enzyme would still be
available and the reaction would still be carried out.

In addition to determining essential genes, we also performed enzyme
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knockouts in silico in order to determine a minimal set of essential metabolic
enzymes. The total number of enzymes in our models varies from 278 (Tro-
pheryma whipplei str Twist) to 566 (Saccharopolyspora erythraea), and similar to
the total genes counts the total number of enzymes it is also significantly pos-
itively correlated to the genome length (r = 0.91, p-value = 2.702e–15). The
total number of essential enzymes, like the number of essential genes, nega-
tively correlates with genome size (r = –0.64, p-value = 2.046e–05), but not as
strongly, as the existence of a higher number of duplicate genes for essential
enzymes in larger genomes boosts the correlation in the latter (Figure 5.2 B).

5.2.3 Pathway distribution of core and predicted essential enzymes

Obviously, it was highly interesting to investigate in which biological path-
ways the universally conserved enzymes and predicted universally essential
enzymes function. We therefore used general KEGG annotations (Kanehisa
et al., 2010) to categorize the enzymes into pathway classes. The distribu-
tion of universally conserved enzymes among pathways was significantly
different after addition of the essentiality criterion (Figure 5.3).

Most notably, core carbohydrate metabolism was quite highly conserved,
encompassing a relatively large proportion of the universally conserved genes,
but a vast majority of these genes appeared not to be universally essential.
Especially surprising was, as can be seen in Supplementary Figures S1 and
S2, that genes encoding enzymes for the TCA cycle and glycolysis are quite
well conserved, but that none of these enzymes are predicted to be univer-
sally essential.

This suggests that the number of alternative pathways in core carbohy-
drate metabolism (such as the Entner-Doudoroff pathway (Borodina et al.,
2005b)) that allow diversion of metabolic fluxes in case of loss of enzyme
function in the default pathway is particularly high. This may be caused by
evolutionary forces optimizing energetics as well as selecting for mutational
robustness in these key processes. As in actinomycetes the lion’s share of
cellular energy is usually harvested through these pathways, but from many
different types of substrates, metabolic functional differentiation may have
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Figure 5.3: Pathway distribution of universally conserved enzymes (core en-
zymes) and universally essential genes (core essential enzymes). The percent-
ages given are based on KEGG pathway categories, and were calculated by locating
EC numbers in KEGG pathways using the KEGG API (Kawashima et al., 2003).

been particularly prominent here during evolution.

5.2.4 Gene essentiality density in genome

We mapped the predicted essential genes to their genome positions and cal-
culated the density of essential genes along the genome (Figure 5.4). Quite
strikingly, our result shows that, in most of the organisms, essentiality peaks
are away from the center of the genome in contrast to earlier reports (Hop-
wood, 2006). In some of the genomes, there are two strong essentiality peaks
which are located at both extreme ends of the genome (e.g. in Rhodococcus sp
RHA1), in some cases only one strong peak which is located at any one side
of the genome (e.g. Streptomyces avermitilis), whereas in relatively few cases
the center of the genomes is enriched in essential genes (e.g. Mycobacterium
smegmatis). One should, however, note that our result is showing only the
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Corynebacterium jeikeium (C)
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Streptomyces coelicolor A3(2)
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Mycobacterium leprae (C)

Clavibacter michiganensis (C)

Mycobacterium avium subsp paratuberculosis (C)
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Mycobacterium tuberculosis H37Rv (C)
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Frankia alni ACN14a (C)

Rhodococcus sp RHA1

Thermobifida fusca YX (C)

Salinispora arenicola CNS 205 (C)

Salinispora tropica CNB 440 (C)

Frankia sp EAN1pec (C)

Acidothermus cellulolyticus 11B (C)

Figure 5.4: Genome essentiality map of actinomycetes. This figure shows how
the density of essential genes is distributed along the genome in different species. All
genomes are scaled to the same total length, and sorted according to the similarity of
their profiles. Circular genomes are indicated by a C.

location of essential metabolic genes, while other core processes (structural
proteins, signalling cascades) may still be enriched more centrally. More-
over, given the facts that the majority of essential enzymes function in amino
acid metabolism, nucleotide metabolism and cofactor metabolism, that du-
plicates of such enzymes often function in secondary metabolism, and that
secondary metabolite biosynthesis genes are often located at the ends of acti-
nomycetes chromosomes, a possible explanation for the observed distribu-
tions is that in the large genomes with many secondary metabolite biosyn-
thesis gene clusters is a larger number of such enzymes outside the core
genome. Possibly, the presence of secondary metabolite biosynthesis genes
therefore adds to the mutational robustness of the metabolic network by pro-
viding spare genes for highly essential enzymes.
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5.2.5 The core metabolic network of Actinomycetales

A combined global metabolic network of all 37 organisms in our study is
shown in Figure 5.5, where nodes are enzymes and edges are included be-
tween nodes that share a common substrate or product (see Methods section
for more details). This network is a union of all individual metabolic net-
works. The conservation of edges across species is shown in a color gradient:
red edges are shared by all organisms. Similarly, the conservation of nodes
is encoded in the size of node; the large nodes represent enzymes that are
universal across species. The color of nodes indicates enzyme essentiality:
red enzymes are essential in all species.

One can clearly see from Figure 5.5 that red nodes are larger on aver-
age, which means that many universally essential enzymes are universally
conserved as well. Out of a total of 753 enzymes, 189 enzymes (25%) are con-
served in all organisms (“core enzymes”) and 332 enzymes (44%) are con-
served in more than 30 organisms (for complete list of enzymes, see Supple-
mentary table S1). Of the 189 universally conserved enzymes, 91 enzymes
are predicted to be essential in all studied species of the group (“essential
core enzymes”), and 114 enzymes are predicted to be essential in more than
30 organisms.

These are typically enzymes involved in the metabolism of biomass con-
stituents; for instance, amino acid biosynthesis pathways and nucleic acid
biosynthesis pathways. Interestingly, 23 enzymes are conserved in all organ-
isms, but predicted to be non-essential in all organisms (large green nodes in
Figure 5.5). These enzymes are also mostly involved in synthesis of biomass
constituents, but there are apparent alternative pathways in the model. These
reactions warrant more detailed study in the future to determine if the sup-
posed alternative routes are indeed available under typical growth condi-
tions.

From the on average 154 essential enzymes per organism, 77% (118 on
average) are universally conserved. The fact that on average 23% of the
essential enzymes are not conserved suggests that in many cases, different
actinomycetes genomes encode different alternative pathways for certain bi-
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Enzyme conservation

Enzyme essentiality/
Edge conservation

Figure 5.5: Global metabolic network of Actinomycetales. A global metabolic
network of the entire group of the order Actinomycetales, constructed by combin-
ing individual species networks, has been shown. Enzyme conservation is presented
in the size of the node and a conserved “core network” is shown which constitute
of all large nodes. Enzyme essentiality has been captured in node color and green
color nodes represent universally non-essential and red nodes are showing univer-
sally essential enzymes, precisely the “essential core network”. Enzymes which
are essential in some species and non-essential in rest are shown in colors between
green and red.

ological processes.

Out of 189 universally conserved enzymes, 7 are essential in different
individual organisms. These enzymes are also particularly interesting for
future study, because they imply the loss of specific alternative pathways in
selected species (Table 5.2).
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Table 5.2: List of universally conserved enzymes which are predicted to be
essential only in single species

Enzyme
EC

Enzyme name Pathway Organism

2.4.2.7 AMP:pyrophosphate
phosphoribosyltrans-
ferase

Purine conversions Clavibacter michi-
ganensis

2.5.1.15 2-Amino-4-hydroxy-
6-hydroxymethyl-7,8-
dihydropteridine-

Folate biosynthesis Corynebacterium
diphtheriae

2.7.1.23 ATP:NAD+ 2’-
phosphotransferase

NAD and NADP co-
factor biosynthesis

Leifsonia xyli
subsp. xyli

2.7.4.4 ATP:dTMP phospho-
transferase

Pyrimidine metabol-
ism

Mycobacterium
smegmatis

2.7.6.3 ATP:2-amino-
4-hydroxy-6-
hydroxymethyl-7,8-
dihydropteridine

Folate biosynthesis Corynebacterium
diphtheriae

3.6.1.19 XTP pyrophosphohy-
drolase

Folate biosynthesis Mycobacterium
smegmatis

5.3.1.9 D-Glucose-6-
phosphate ketol-
isomerase

Formaldehyde as-
similation: ribulose
monophosphate
pathway

Mycobacterium
bovis subsp bovis

5.2.6 Low-degree enzymes are more essential

Microorganisms have several strategies, including gene duplication and pres-
ence of alternative pathways, to handle genetic perturbations (Gu et al., 2003).
Knocking out individual genes or enzymes may not have an effect on an or-
ganism’s growth due to the presence of redundant genes or pathways. Net-
work topology, especially the degree distribution of nodes (enzymes) pro-
vides significant information about the presumed robustness of microorgan-
isms to perturbation (Hartwell et al., 1999; Barabasi and Oltvai, 2004).

When superimposing our enzyme essentiality data on the degree distri-
bution of nodes, we found that low-degree nodes (in particular nodes of de-
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Figure 5.6: Essentiality of low degree nodes. This figure shows the fraction of
essential nodes for each degree in a metabolic network.

gree 2) are more likely to be predicted as being essential than high-degree
nodes (Figure 5.6). This corroborates the earlier finding at the metabolite
level that “low degree metabolites” explain essential reactions in reaction
networks of Escherichia coli, Saccharomyces cerevisiae and Staphylococcus aureus
(Samal et al., 2006). We could confirm that the low-degree nodes are more
essential than high-degree nodes by normalizing the degree essentiality, di-
viding essential nodes counts with total nodes counts for every degree to see
what percentage of nodes are essential for a certain degree (Figure 5.6).

5.2.7 Flux distribution

As described in the previous sections, the 37 genome-scale models differ
widely in terms of the number of reactions, number of metabolites, num-
ber of genes, and number of enzymes. However, the number of reactions
that are active when optimizing for biomass production in a defined com-
mon medium is very similar in all organisms (Figure 5.7). Out of these active
reactions, on average 52% are carried out by enzymes universally conserved
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Figure 5.7: Distribution of active and inactive reactions depending on model
size. The predicted flux profile on a defined common minimal medium indicates
the total number of active (non-zero flux) reactions and total number of inactive
reactions (zero flux) in each model. It can be seen that the core of active reactions is
almost constant, while additional reactions that distinguish organisms are not active
under the standardized conditions of our analysis.

in actinomycetes, and on average 82% of all universally conserved actino-
mycetes enzymes are active under these conditions. This indicates that de-
spite a large variation in lifestyle and ecological niche, the core metabolic
capacities of all actinomycetes are rather similar. Specialization happens out-
side of central metabolism, e.g. by adding additional assimilation pathways
or specific secondary metabolites. Evolutionarily, this hyper-diverse group
is therefore characterized by a balance between conservation at the core and
innovation at the non-essential fringes of metabolism.

5.2.8 Topological modules and their characteristics

Many biological systems can be partitioned into functional, evolutionary and
topological modules (Hartwell et al., 1999; Barabasi and Oltvai, 2004). Mod-
ules are defined topologically as densely interconnected groups of vertices,
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Figure 5.8: Modularity score, topological modules, essential topological
modules and their relation with network size. The modularity score (Q) is
strongly correlated with network size for networks built by removing a fixed number
of highly connected metabolites for all organisms, while it is unrelated with network
size when the set of highly connected metabolites is defined relative to individual
network size. However, total number of modules of a network is determined by the
network size. This figure shows the relation of modularity score, total number of
modules and total number essential modules of networks by using two different cut-
offs for removing the set of highly connected metabolites.

with only few inter-module links, which usually share a distinct function
(Hartwell et al., 1999; Newman, 2006). The modular structure of several bi-
ological systems has been studied in detail in the past (Ravasz et al., 2002;
Rives and Galitski, 2003; Gagneur et al., 2004; Spirin et al., 2006; Zhao et al.,
2007; Kunisawa, 2007).

For all 37 gap-filled analysis-ready genome-scale metabolic models, we
inferred enzyme networks after removing some highly connected metabo-
lites, such as ATP (see method section for details of the approach). In order
to remove these highly connected metabolites, we used two different cutoffs:
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Figure 5.9: PCA plot of network topological parameters.

in one case, we removed all metabolites which are shared by more than 15
reactions, which is 1.5% of the average number of reactions in an average
models, in the second case, we removed all metabolites that are shared by
>= 1.5% of the total reactions in an individual organism. We used New-
man’s spectral algorithm (Newman, 2006) to calculate the modularity score
(measure of the quality of a division of a network into modules) of each net-
work.

Quite strikingly, both cutoffs resulted in different modularity scores. The
modularity of networks built using the first threshold is strongly correlated
to network size (r = 0.56, p-value = 0.00027) which is in agreement with
Kreimer et al. (Kreimer et al., 2008). On the other hand, modularity in the
second case is completely independent of network size (r = –0.047) (Figure
5.8). As the two different cutoffs lead to removal of different numbers of
edges from the networks, they result in a different modularity score. How-
ever, independent of the cutoff used for removing highly connected metabo-
lites, the number of topological modules strongly correlated with the size of
the network (r = 0.62, p-value = 3.571e–05 and r = 0.58, p-value = 0.00018
respectively).
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Figure 5.10: Rotation of principal component 1 and 2.

To investigate how many topological modules are predicted to be active
in a common minimal medium, we determined the essentiality of nodes of
each module of all networks by performing single in silico enzyme knock-
outs. If any enzyme of a module is predicted to be essential, we considered
that module as active in the common minimal medium condition. We found
that despite having different network sizes and widely varying number of
modules, the number of essential modules is quite consistent and independent
of network size (r = 0.21 and 0.19, respectively).

In addition, we performed a comparative topological analysis of all mod-
els: for every network we calculated 13 different network topological param-
eters and performed a principal component analysis on the varying matrix
of parameters (Figure 5.9). Genome size, number of nodes, number of edges,
number of modules, clustering coefficient, average number of neighbors and
network heterogeneity contribute to the first principal component, whereas
the second principal component contains mostly contributions from modu-
larity, network diameter and characteristic path length (Figure 5.10).
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5.3 Materials and methods

5.3.1 Genome-scale metabolic model reconstruction

More than fifty genome sequences from the order Actinomycetales have al-
ready been sequenced, and several individual genome-scale models have
been built for several species, including Corynebacterium glutamicum (Shin-
fuku et al., 2009; Kjeldsen and Nielsen, 2009), Mycobacterium tuberculosis (Jamshidi
and Palsson, 2007; Beste et al., 2007), Streptomyces coelicolor (Borodina et al.,
2005a; Alam et al., 2010b) and Streptomyces clavuligerus (Medema et al., 2010,
2011b). Due to the recent development of the High-Throughput Genome-
scale Metabolic Reconstruction (HTGMR) pipeline of the SEED framework
(Henry et al., 2010) and several powerful gap filling algorithms (Kharchenko
et al., 2004; Green and Karp, 2004; Kumar et al., 2007), it is now possible to
reconstruct genome-scale metabolic models and perform comparative mod-
eling of an entire group of organisms. The HTGMR pipeline generates pre-
dictive genome-scale models by integrating reaction network annotation and
assembly, and thermodynamic analysis for reaction reversibility (Henry et al.,
2010). Because genome annotation and model building are done by the same
set of tools for all genomes, annotator bias is minimized, which is critical for
comparative analysis.

Our analysis included 37 species which had been analyzed earlier in a
large genome-based phylogenetic analysis: including 4 Corynebacteria, 13
Mycobacteria, 3 Streptomyces, 3 Frankia, 2 Nocardiaceae, 1 Streptosporangineae,
2 Micromonosporineae, 6 Micrococcineae, 1 Pseudonocardineae and 2 Propionibac-
terineae. We used the HTGMR pipeline to construct a preliminary genome-
scale model for each organism and also incorporated an organism-specific
biomass reaction as well as a set of exchange reactions.

Since our goal was to study the core metabolic system of the entire group
of organisms, we also defined a common biomass reaction and a common
minimal medium.
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5.3.2 Common minimal medium and defining missing reactions

The universal biomass was defined as listed in supplementary Table S2, based
on common biomass constituents of individual organisms. For each individ-
ual organism, we collected all minimal media which had been reported in the
literature. We then added the minimal set of reactions required to achieve in
silico growth in the organism-specific minimal media. Finally, based on an
organism-specific biomass under rich media conditions, a minimal set of re-
actions was added to these preliminary models to generate analysis-ready
models.

For the comparative analysis, we defined a universal minimal medium,
by creating the union of all individual minimal media and iteratively remov-
ing compounds to obtain the smallest set of medium components that allows
in silico growth of all species.

5.3.3 Network construction, division in modules and calculating
modularity score

To construct a metabolic network for topological analysis, we translated the
stoichiometric matrix into a graph, where each node represents an enzyme
and each edge represents a metabolite.

Two nodes of the network are connected if they share a substrate or prod-
uct (Ma and Zeng, 2003). For each model, some “currency” metabolites
which are shared by more than 1.5% of the total number of reactions were
removed. Reactions which have one of these metabolites as their only prod-
uct or substrate were also removed. A common graph for the entire group
of organisms was made by combining all individual networks, taking the
union of the set of nodes and the set of edges respectively.

5.3.4 Topological analysis

We used a spectral algorithm to calculate the modularity of networks and to
divide networks into modules (Newman, 2006). This algorithm constructs
the modularity matrix for the network and finds its leading eigenvalue. The
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corresponding eigenvector then divides the network into two parts accord-
ing to the signs of the elements; the process is then repeated for each of the
part, using the generalized modularity matrix. At any stage, if a proposed
split makes a zero or negative contribution to the total modularity, the corre-
sponding subgroup is left undivided.

In addition, the following topological parameters were calculated for each
network: clustering coefficient, network diameter, network centralization,
characteristic path length, average number of neighbors, network density,
and network heterogeneity.

5.4 Conclusions

We have performed genome-scale comparative modeling of the cellular meta-
bolism of 37 genome-sequenced organisms of the order Actinomycetales. We
find that the characteristic features of the model topologies, including the
number of reactions, number of metabolites, number of genes, number of
enzymes, number of missing reactions, number of essential genes and num-
ber of essential enzymes are highly related to genome size. The predicted
metabolic flux profiles indicate that the core of active reactions (non-zero
flux) is almost constant, while most additional reactions that differ between
organisms are not active under the standardized conditions of our analysis.

Further, we have predicted the list of essential genes and essential en-
zymes by performing single-gene knockouts and single-enzyme knockouts
in silico experiments. We mapped the predicted in silico gene essentiality data
and identified the distribution of essential genes in the genome of each or-
ganism.

Additionally, a global metabolic network of entire group of the order
Actinomycetales was constructed by combining individual species networks,
and after superimposing global enzyme essentiality data we determined the
key properties of the conserved “core network” and the “essential core net-
work”.

Finally, from genome-scale models we constructed an enzyme associa-
tion network of individual species, and superimposed predicted enzyme es-
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sentiality data on the networks to investigate network topological features.
Quite strikingly, we found that the low-degree nodes are more essential than
high-degree nodes.
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Chapter 6

Prior-
itizing orphan proteins for further study using
phylogenomics and gene expression profiles in
Streptomyces coelicolor

ABSTRACT

Background: Streptomyces coelicolor, a model organism of antibiotic-produ-
cing bacteria, has one of the largest genomes of the bacterial kingdom, includ-
ing 7825 predicted protein coding genes. Of these genes, a large number, more
than 30%, are functionally orphan, i.e. they are encoding hypothetical proteins
with unknown function. However, many of these functional orphan genes
show interesting gene expression dynamics in large-scale transcriptome anal-
yses.

Results: Here we present a new algorithm combining time-course gene ex-
pression datasets and comprehensive phylogenomic information to identify a
list of high-priority orphan genes, which show the highest level of aggregated
evidence of being biologically important. These genes are the ones most gener-
ally conserved and showing the most informative expression dynamics along
the time course. They often feature conserved neighboring genes as well.

Conclusions: The identified high-priority orphan genes are promising candi-
dates to be examined experimentally for further elucidation of their function.

6.1 Introduction

Here we present an analysis of orphan genes (hypothetical genes with un-
known function) in the Streptomyces coelicolor genome, combining gene ex-
pression analysis and comparative genomics. The aim is to prioritize orphan
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genes for further study. In our gene expression studies (Nieselt et al., 2010;
Alam et al., 2010b), we frequently encountered genes that showed interest-
ing expression patterns, but had no known function. To identify which of
these genes merit in-depth experimental analysis, we developed a strategy
for prioritizing protein encoding genes for additional characterization, com-
bining phylogenomic information (Alam et al., 2010a) (i.e. the level of evolu-
tionary conservation of each protein), and gene expression data from a large
gene expression time series (Nieselt et al., 2010). We postulate that widely
conserved proteins that show a physiologically relevant dynamic expression
pattern are the most promising candidates for further experimental study,
e.g. using gene overexpression and knock-out or knock-down approaches.

The functional annotation of orphan genes is not only relevant for its ba-
sic biological interest, but is also an important help for the improvement of
genome-scale metabolic models based on genome annotation. These mod-
els in their initial form almost always contain gaps that need to be filled by
manual curation or automated gap-filling algorithms that add missing es-
sential metabolic activities to the models (Thiele and Palsson, 2010; Henry
et al., 2010; Kumar et al., 2007; Alam et al., 2010a; Medema et al., 2010).

During our previous studies of genome-scale metabolic models of Strep-
tomyces coelicolor and its relatives, we regularly had to postulate enzymatic
functions that had not been assigned to specific proteins in the organisms
(Alam et al., 2010a; Medema et al., 2010, 2011b). Assigning specific enzyme-
coding genes to these orphan metabolic activities is very important for the
subsequent analysis and interpretation of the models, and several approaches
have been developed to assign sequences to the orphan metabolic activi-
ties: they employ, for example, mRNA co-expression analysis (Kharchenko
et al., 2004), phylogenetic profile information (Jothi et al., 2007; Chen and
Vitkup, 2006; Snitkin et al., 2006), pattern recognition techniques (Cuff et al.,
2009) or comparative genomics (Osterman and Overbeek, 2003). These ap-
proaches are organism specific and have mostly been employed for well-
studied model organisms such as Escherichia coli and Saccharomyces cerevisiae.
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6.2 Results and Discussion

Of the 7825 predicted protein coding genes in the Streptomyces coelicolor gen-
ome (Bentley et al., 2002), 2688 (34%) are coding for functionally orphan pro-
teins, i.e. proteins that are annotated as “hypothetical protein”, “conserved
protein”, “putative membrane protein” or “putative secreted protein”. Of
these orphan proteins, 27 are conserved in all and 384 are present in at least
half (22/44) of the 44 analyzed complete actinomycete genomes (see Meth-
ods section for a complete species list). 686 orphan proteins are present in
at least 11 (25%) and 179 are conserved in at least 33 (75%) actinomycete
genomes.

Of the 384 generally conserved actinomycete orphan proteins (i.e., those
that are present in at least half of the analyzed genomes), 27 are also en-
coded in all species in a representative set of five non-actinomycete bacterial
genomes (Bacillus subtilis, Escherichia coli K12, Lactobacillus plantarum WCFS1,
Staphylococcus aureus, and Streptococcus pneumonia AP200), and 73 are present
in at least half of the representative bacterial genomes.

Of these 76 ultra-highly conserved bacterial orphan genes, 24 also have
putative homologues (reciprocal best BLAST hits) in at least half of the spe-
cies in a representative set of eight non-bacterial genomes (including the eu-
karyotes Caenorhabditis elegans, Arabidopsis thaliana, Plasmodium falciparum,
Drosophila melanogaster, Saccharomyces cerevisiae and Homo sapiens, and the
archaea Haloterrigena turkmenica and Methanosarcina acetivorans). These pro-
teins are therefore almost universally conserved; however, although there
seems to be significant conservation of some orphan proteins, none of them
is truly universal, i.e. none has a putative homologue in all of the 58 stud-
ied genomes. This is most likely due to the fact that some of the included
genomes are highly reduced, as a result of the parasitic lifestyle of the organ-
ism.

To prioritize the orphan proteins for further characterization, we there-
fore summarized the phylogenomic information (i.e. the level of evolution-
ary conservation of each protein) in a single “conservation” score, which ex-
presses the degree of conservation across the three domains examined (acti-
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Figure 6.1: Average expression profile of the top 25 candidate orphan genes.

nomycetes, bacteria, non-bacteria). This score was combined with a second
measure of expression dynamics across a large gene expression time series
studying the metabolic switch caused by phosphate starvation. The “expres-
sion dynamics” score described in the Methods section identifies genes that
show a smooth expression trend across (part of) the time series and favors
those genes that show a particularly strong (step-like) expression change at
one time point. This is intended to allow to focus on genes that are not only
passively following the expression change during nutrient depletion but that
show evidence for active regulation, which is indicative of a central function
in cellular physiology. Based on the p-value of the “expression dynamics”
score, we assigned a rank to each gene, and averaged this value with the
rank of the “conservation” score.
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Using the averaged conservation and expression dynamics rank, we ar-
rived at a list of 30 top orphan proteins. These were examined in more detail
to determine if their function was really unknown: we checked the most
recent versions of the Uniprot (The UniProt–Consortium, 2009) and StrepDB
database for annotations, performed a PSI-BLAST against the Uniprot database,
compared the annotation of the homologs in E. coli, yeast and human where
these were available, and analyzed the domain architecture using SMART
tool (Simple Modular Architecture Research Tool) (Schultz et al., 1998). Us-
ing this information, we asked three microbiologist and bioinformaticians
to independently score the genes according to their “orphanicity”, i.e. their
confidence in the absence of a known potential function. The average score
of the three raters was combined with the average score of the conservation
and expression dynamics to arrive at a final ranking for the most interest-
ing orphan genes for further study: the top genes are those for which we
have absolutely no information about their function, that are ultra-highly
conserved across species, and show a highly significant dynamics in their
gene expression (Table 6.1).

Based on the gene expression profiles (Figure 6.1), the candidate genes
SCO5746 and SCO1222 are particularly interesting: they show a very strong
switch upon phosphate starvation, and their expression increases upon entry
into the stationary phase, similar to the expression pattern of the antibiotic
biosynthesis gene clusters act and red. All other high-priority genes show a
decrease of expression along the time course. SCO5746 has a putative un-
characterized homolog in E. coli and contains a domain of the DegT/DnrJ-
/EryC1/StrS aminotransferase family. The aminotransferase activity was
demonstrated for purified StsC protein, which acts as an L-glutamine:scyllo-
inosose aminotransferase and catalyses the first amino acid transfer in the
biosynthesis of the streptidine subunit of antibiotic streptomycin. It is there-
fore tempting to speculate that the SCO5746 gene has some role in the bio-
synthesis of a new antibiotic in S. coelicolor as well, and the same might be the
case for the completely uncharacterized SCO1222. The closest putative an-
tibiotic biosynthesis clusters are SCO5799-SCO5801 (siderophore synthetase
type) and SCO1206-SCO1208 (chalcone synthetase type), both of which seem
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Figure 6.2: This figure shows annotation conservation of the neighbors of orphan
genes in four sequenced Streptomyces genomes. The conserved orphan gene is
shown in the centre, and the two neighbors on each side are shown in the form
of arrows. Each arrow has four sections, corresponding to the four Streptomyces
species: S. coelicolor, S. avermitilis, S. griseus and S. scabies. They are colored
in blue where the annotation matches that of S. coelicolor. The annotation of the
S. coelicolor homolog is listed above each gene if it is conserved in at least one of
the other species; if at least two of the other species share another annotation, this is
listed in brackets.
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Table 6.1: Top 30 orphan proteins for further study.The proteins are prioritized
according to their conservation across actinomycetes, bacteria and non-bacteria;
their expression dynamics (summarized in the p-value); and their orphanicity, i.e.
the absence of any functional information.

Gene
Name

Annotation Final
rank

Orpha-
nicity
rank

Exp.
quan-
tile

p-value act bac non-
bac

SCO1521 hypothetical protein 1 1 0.21 3.71E-10 44 5 5
SCO2301 hypothetical protein 6 4 0.34 3.27E-07 43 5 5
SCO5362 hypothetical protein 6.5 9 0.13 2.02E-07 44 4 7
SCO1769 hypothetical protein 8 5 0.12 3.08E-08 40 3 1
SCO5746 hypothetical protein 8 7 0.18 4.38E-18 20 3 1
SCO3882 hypothetical protein 8.5 2 0.18 6.71E-08 38 5 1
SCO5546 hypothetical protein 8.5 14 0.35 7.62E-09 42 3 6
SCO5745 hypothetical protein 9.5 17 0.02 9.49E-10 43 4 6
SCO1925 hypothetical protein 11.5 18 0.09 1.24E-07 44 5 3
SCO2577 hypothetical protein 12 3 0.64 2.66E-07 41 5 1
SCO1676 hypothetical protein 12.5 15 0.32 7.05E-09 31 1 4
SCO1919 hypothetical protein 12.5 11 0.16 5.74E-07 44 4 2
SCO5491 hypothetical protein 12.5 6 0.35 3.07E-07 32 3 3
SCO2081 hypothetical protein 13 8 0.60 2.88E-08 38 2 1
SCO2902 hypothetical protein 14.5 22 0.37 3.05E-07 43 5 4
SCO1522 hypothetical protein 15.5 19 0.19 6.47E-07 43 3 5
SCO1920 hypothetical protein 16 12 0.27 1.71E-06 42 5 5
SCO3839 hypothetical protein 16.5 27 0.35 1.60E-08 35 3 2
SCO3960 hypothetical protein 17.5 13 0.30 5.66E-08 29 5 1
SCO2901 hypothetical protein 18 23 0.36 5.37E-07 41 3 5
SCO1924 hypothetical protein 18.5 20 0.08 6.81E-08 44 1 2
SCO6766 hypothetical protein 18.5 10 0.19 4.55E-08 20 1 2
SCO1775 hypothetical protein 21 16 0.32 3.00E-06 42 4 2
SCO1222 hypothetical protein 22 21 0.43 3.33E-09 27 1 1
SCO5645 hypothetical protein 22 28 0.07 3.11E-07 36 4 2
SCO1530 hypothetical protein 24.5 24 0.03 8.99E-07 43 1 5
SCO2497 hypothetical protein 26.5 29 0.52 2.38E-06 37 5 7
SCO5787 hypothetical protein 27 26 0.12 5.88E-06 44 3 7
SCO2599 hypothetical protein 27.5 25 0.13 4.17E-07 44 1 1
SCO5711 hypothetical protein 29.5 30 0.12 8.65E-06 44 5 5

unlikely candidates for interacting with SCO5746 or SCO1222. However, it
is possible that these genes contribute to a dispersed biosynthetic pathway,
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not involving a dense genomic clustering.
Interestingly, we see a strong neighborhood conservation of most of the

candidate orphan genes in other Streptomyces species (Figure 6.2). In some
cases, the annotation of the neighbors does suggest at least a broad functional
category: for example, SCO1521/1522 might be involved in DNA remodel-
ing during recombination, as their conserved neighbors are a Holliday junc-
tion resolvase and DNA helicase (RuvABC complex); and SCO2081 might
play a role in cell division, matching its conserved neighbor, the cell division
protein ftsZ (Jakimowicz et al., 2005). However, most of the conserved neigh-
bors are hypothetical proteins themselves and do not seem to immediately
identify a putative function for most of the orphan genes; nonetheless, the
neighborhood information will be valuable for the design and interpretation
of the most efficient experimental perturbations.

6.3 Materials and methods

6.3.1 Genome sequence analysis

For the phylogenomic profiling, we studied the complete genome sequences
of the 44 actinomycete species, that were also used in our earlier phyloge-
netic study (Alam et al., 2010a): Arthrobacter aurescens TC1, Acidothermus cel-
lulolyticus 11B, Bifidobacterium adolescentis ATCC 15703, Bifidobacterium longum
NCC2705, Corynebacterium diphtheriae NCTC 13129, Corynebacterium efficiens
YS-314, Corynebacterium glutamicum ATCC 13032, Corynebacterium jeikeium
K411, Clavibacter michiganensis subsp michiganensis NCPPB 382, Frankia alni
ACN14a, Frankia sp CcI3, Frankia sp EAN1pec, Kineococcus radiotolerans, Leif-
sonia xyli subsp xyli str CTCB07, Mycobacterium avium subsp, Paratuberculosis
str k10, Mycobacterium avium 104, Mycobacterium bovis BCG Pasteur 1173P2,
Mycobacterium bovis subsp bovis AF2122 97, Mycobacterium gilvum PYR-GCK,
Mycobacterium sp JLS, Mycobacterium sp KMS, Mycobacterium leprae TN, My-
cobacterium sp MCS, Mycobacterium tuberculosis H37Ra, Mycobacterium smeg-
matis str MC2155, Mycobacterium tuberculosis CDC1551, Mycobacterium tuber-
culosis F11, Mycobacterium tuberculosis H37Rv, Mycobacterium ulcerans Agy99,
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Mycobacterium vanbaalenii PYR-1, Nocardioides sp JS614, Nocardia farcinica IFM
10152, Propionibacterium acnes KPA171202, Rhodococcus sp RHA1, Renibacterium
salmoninarum ATCC 33209, Salinispora arenicola CNS 205, Streptomyces aver-
mitilis MA 4680, Saccharopolyspora erythraea NRRL 2338, Streptomyces griseus
strain IFO13350, Streptomyces scabies strain 8722, Salinispora tropica CNB 440,
Thermobifida fusca YX, Tropheryma whipplei str Twist, Tropheryma whipplei TW08
27. This was complemented by the genomes of 6 eukaryotes (Caenorhabditis
elegans, Arabidopsis thaliana, Homo sapiens, Plasmodium falciparum 3D7, Droso-
phila melanogaster, Saccharomyces cerevisiae), 2 archaea (Haloterrigena turkmenica,
Methanosarcina acetivorans), and 5 other model bacteria from different taxo-
nomical classes (Bacillus subtilis, Escherichia coli K12, Lactobacillus plantarum
WCFS1, Staphylococcus aureus, Streptococcus pneumonia AP200). Putative ho-
mologs were identified as reciprocal best BLAST hits. The conservation score
was calculated in three steps: (1) the genes were independently ranked ac-
cording to the number of species of actinomycetes, other bacteria, and non-
bacteria in which they have a putative homolog; (2) their ranks in the bacteria
and non-bacteria lists were averaged; and (3) the resulting rank and the rank
in the actinomycete list were averaged again to produce the final rank.

6.3.2 Gene expression data

Details about the gene expression dataset and experimental conditions can
be found in (Nieselt et al., 2010; Alam et al., 2010b).

6.3.3 Dynamic expression detection

To identify genes that show a dynamic expression along the time course, and
in particular genes that have a clear expression switch at one time point, we
used the following iterative algorithm (in pseudocode):
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Data: a vector v of gene expression data
Result: minPvalue, the p-value of the switch-like dynamic expression
minPvalue← 1;
foreach i in the set (2 to (length(v) - 2)) do

j← i + 1;
MaxWindowSize←min(i, length (v) - i);
foreach position p in the set ((i - MaxWindowSize + 1) to i - 1) do

q← j + (i - p);
Pvalue← p-value of the t-test comparing v[p:i] and v[j:q];
If (Pvalue < minPvalue) minPvalue← Pvalue;

end
end
return minPvalue;
Algorithm 1: Algorithm for dynamic expression switch detection

6.4 Conclusions

The aim of this paper was to prioritize protein coding orphan genes (i.e.,
genes encoding hypothetical proteins with unknown function) for further
experimental characterization of their function. We combined two lines of
evidence for this purpose: First, we developed an algorithm to score the
most interesting dynamic switches in gene expression data. Second, we in-
troduce a conservation score summarzing the level of evolutionary conserva-
tion across diverse domains (actinomycetes, other bacteria and non-bacteria).
We combined the expression score and the conservation score, and identified
a list of 30 high-priority orphan genes, which are promising candidates for
future experimental study. In some of the cases, the neighboring genes of
the candidate orphan genes show strong conservation and suggest at least a
broad functional category for the candidate orphan genes.
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Chapter 7

Conclusions and future perspectives

I
n the previous chapters, I have presented our studies of a group of acti-
nomycete bacteria whose genome has been sequenced. We have analyzed

their metabolic system by constructing genome-scale metabolic models, and
by combining different genome-based phylogeny approaches with single
gene-based phylogeny approaches we have constructed a fully resolved phy-
logeny of this group.

In Streptomyces coelicolor, a model organism of antibiotic producing bac-
teria, we investigated the metabolic switch from the exponential phase to the
stationary phase during growth: when there are abundant nutrients, bacteria
grow exponentially, but as soon as the nutrients get depleted, they switch to
stationary phase and often begin to produce secondary metabolites, includ-
ing some of the commercially important antibiotics. We have investigated
the mechanisms involved in the metabolic switch by combining time-scale
gene expression data with genome-scale model predictions. Based on dis-
crepancies between model predictions and observed experimental data, we
corrected the annotation of some genes and also predicted a list of potential
genes which need to be further examined for their role in the synthesis of
uncharacterized secondary metabolites.

In another model organism of the antibiotic producing bacteria, Strep-
tomyces clavuligerus, we identified key up-regulated antibiotic biosynthetic
gene clusters along with some potential up-regulated primary metabolism
genes. We constructed a genome-scale metabolic model of this bacterium
and optimized growth and antibiotic production, and combined predicted
metabolic flux with genome-wide gene expression changes between an in-
dustrial clavulanic acid overproduction strain and the parental wild type
strain. Up-regulated primary metabolism genes will be useful targets for
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cell-engineering approaches for overproduction of antibiotics.

We investigated how these commercially interesting bacteria are phylo-
genetically related to other actinomycetes, some of which are clinically im-
portant and cause severe disease in animal and plants. We constructed a
fully resolved phylogenetic tree by combining different whole-genome based
approaches with the outcome of several single-gene based approaches. Our
combinatorial approach to elucidate a robust, comprehensive and completely
resolved tree can also be applied to other larger groups of bacteria, and even
for all bacteria.

Furthermore, the completely resolved consensus phylogenetic tree of acti-
nomycetes formed the basis for comparative modeling of this hyper-diverse
group. We constructed genome-scale metabolic models of a large number of
genome-sequenced organisms of the order Actinomycetales and identified a
conserved “core network” and “essential core network” of the entire group.
By using the genome-scale model predictions we were able to identify the
commonalities and differences among these actinomycetes on a metabolic
systems scale. Additionally, we identified the distribution of essential genes
in the genome of each organism by mapping predicted in silico gene essen-
tiality data.

Finally, for all functional orphan genes of Streptomyces coelicolor, we have
applied a dynamic switch detection algorithm on a time–scale gene expres-
sion data set, and additional phylogenetic information to identify a list of
high priority orphan genes which are promising candidates to be examined
in the lab to characterize their function.

In the following sections, I will focus on future perspectives opened up
by our research.

7.1 Use and further refinement of actinomycetes genome-
scale models

The genome-scale metabolic models presented in this thesis can be used to
ask complex questions before setting up experiments in the lab; for instance,
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which environment is more suitable for bacterial growth, which engineering
strategy will be useful for drug targets and antibiotics over production and
so on. In this way, the models will be helpful for the identification of new
cell-engineering strategies for the synthetic biology of antibiotic production,
and in return these strategies will guide the identification of poorly under-
stood aspects of the models.

In the future, when new sets of information, for instance on the functional
characterization of orphan genes or on new set of reactions and pathways
will become available, this knowledge will be incorporated very easily into
the existing models leading to more reliable outcomes of the in silico experi-
ments (Akesson et al., 2004; Covert et al., 2008).

7.2 Global integrative models of biological systems

Currently, well-characterized metabolic models for hundreds of microorgan-
isms are being developed at genome scale, but in the vast majority of cases
they do not include regulatory effects and intercellular signals. A genome-
scale model can only be applied under quasi-steady-state assumptions, and
we cannot predict the long-term dynamic behavior of the system, neither can
we measure metabolite and enzyme concentrations. Building kinetic models
of an entire metabolic system of an organism is usually considered to be in-
feasible. Similarly, the existing transcription regulatory models of organisms
provide tremendous knowledge of the regulatory circuitry, but they typically
do not include either signaling information or metabolic information.

The next phase of Systems biology is going to address these points and
the first important steps have been taken toward the generation of integrated
models (Covert and Palsson, 2002; Akesson et al., 2004; Covert et al., 2008;
Shlomi et al., 2007) incorporating regulatory and thermodynamic constraints
(Kümmel et al., 2006b,a; Jankowski et al., 2008) and even providing full ki-
netic parameterization of constraints-based models (Kotte and Heinemann,
2009; Ko et al., 2009; Smallbone et al., 2010).
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7.3 Machine learning approaches to predict essential
genes

Existing knowledge is used to gain more knowledge; similarly, predictions
can be used for further predictions. Genome-scale models have been used
quite extensively to predict essential genes and enzymes of microorganisms
in defined environmental conditions, and for some of the well curated mod-
els, prediction accuracy was more than 90%. To get an idea of the minimal
gene set required to sustain a living cell, several experimental and computa-
tional approaches have also been applied (Fraser et al., 1995; Mushegian and
Koonin, 1996; Gil et al., 2004; Hoffmann et al., 2010; Kobayashi et al., 2003;
Gerdes et al., 2003; Sassetti et al., 2001; Glass et al., 2006; Seringhaus et al.,
2006; Gabaldón et al., 2007) However, experimental approaches for the esti-
mation of essential genes are expensive and time consuming, while compu-
tational approaches require high-throughput data which are not available for
every organism. Although there have been some attempts to predict essen-
tial genes (Seringhaus et al., 2006; Acencio and Lemke, 2009; Plaimas et al.,
2010), these studies were largely based on a very limited number of organ-
isms, which might not be useful in a global prospective.

Now, with the growing number of genome-scale models, we can envis-
age a new generation of attempts to predict essential genes of microorgan-
isms. Our in silico gene essentiality data of of the entire Actinomycetales group
(presented in chapter 6) can be used to identify characteristic features of gene
essentiality, including sequence information, genomic essentiality distribu-
tion and network topological information. We can use these characteristic
features along with phylogenetic profiles and apply machine learning ap-
proaches for sensitive prediction of essential genes.

7.4 Linking genes to orphan metabolic activities

As described in this thesis, all preliminary genome-scale models contain
gaps which need to be filled by adding a minimal set of orphan reactions.
Assignment of genes to these orphan metabolic activities is a very important
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step toward completion of the genome-scale model. In our construction of
actinomycetes genome-scale models, we found that some orphan reactions
were universal, whereas a large number of reactions were organism–specific.

To annotate these orphan reactions and prioritize the potential genes it
will in the future be possible to divide the gene networks into topological
modules to identify characteristic features of network neighbor of orphan
activities.

Following this, by combining characteristic features of network neigh-
boring genes, with gene order and conservation profile we can prioritize the
set of genes responsible for orphan activities.

7.5 Functional evolution of metabolic systems

The flux balance analysis approach makes a strong evolutionary assumption
about growth optimization. It assumes that microorganisms have evolved in
such a way that they will use available nutrients to optimize their growth.
It will be a very interesting challenge to explore other objective functions,
which might hold for microorganisms that do not achieve maximal growth
rates. Amongst the Actinomycetales, there are two very important example
for such behavior; Mycobacterium shows extremely slow growth even in a
rich media, and Streptomyces sacrifices short-term biomass production for the
sake of secondary metabolite biosynthesis, which has more delayed evolu-
tionary benefits. The large-scale comparative modeling introduced in chap-
ter 5 provides a starting point from which to explore how these different evo-
lutionary strategies are reflected in the topology and functional constraints
of the metabolic system of different species.

7.6 Application of genome-scale models in Synthetic
biology

The goal of Systems Biology is to build predictive computational models
which can be used to explore the behavior of biological systems. Once this
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goal is achieved, Synthetic Biology can use these models for the design and
engineering of “de novo” biological systems for specific task. To proceed
toward the “de novo” construction of biological circuits, we need to de-
velop models which can not only summarize existing knowledge, but can
also incorporate meaningful estimates of missing information. In our study
of Streptomyces metabolic models, we have explored antibiotic pathways and
compared transcriptome data with our predictions. The resulting refined
genome-scale models of antibiotic producing organisms will be useful to as-
sist antibiotic over-production in optimal environmental conditions. In par-
ticular it will be a major component of ambitious efforts to create synthetic
antibiotics production strain, which can overproduce any desired antibiotic
compound, of other secondary metabolites of interest. The constraints-based
models and their integrated derivatives discussed in the previous section
will be indispensable for identifying metabolic bottlenecks and guide the
engineering of “pre-conditioned” optimized general overproduction strains
(Medema et al., 2011a).
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A. Kümmel, S. Panke, and M. Heinemann. Putative regulatory sites unrav-
eled by network-embedded thermodynamic analysis of metabolome data.
Molecular Systems Biology, 2:2006.0034–2006.0034, 2006a.
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Dutch summary

Streptomyces-bacteriën worden vaak “antibiotica-fabriekjes” genoemd, van-
wege het feit dat ze een groot aantal klinisch belangrijke chemische stof-

fen kunnen produceren. Ze behoren tot de orde van de Actinomycetales,
een groep organismen die sterke biologische diversiteit vertoont in genoom-
grootte, pathogeniciteit, ecologische niches en hun vermogens om secondaire
metabolieten te produceren. Dit proefschrift begint met een inleiding over
het geslacht Streptomyces en zijn familie, alsmede de beschrijving van mod-
elleringstechnieken die gebruikt worden voor het analyseren van hun metabole
functies (Hoofdstuk 1). We hebben het metabole system van twee antibiotica-
producerende modelorganismen, Streptomyces coelicolor (Hoofdstuk 2) en Strep-
tomyces clavuligerus (Hoofdstuk 3), verkend, en met computermodellen de
mechanismen achter de antibiotica-productie onderzocht. Om te begrijpen
hoe deze antibiotica-producerende soorten zich fylogenetisch gezien ver-
houden tot andere soorten onder de actinomyceten, hebben we hun fyloge-
nie tot in detail ontrafeld en een algemeen bruikbare robuuste methode ont-
wikkeld om eenduidige en consistente fylogenetische bomen te construeren
uit genoomsequenties (Hoofdstuk 4). De resultaten van de fylogenetische
studie vormden de basis voor het grootschalig metabolisch modelleren van
verschillende soorten, met behulp waarvan we zowel metabolische als topol-
ogische overeenkomsten en verschillen identificeerden tussen de actinomyceten
(Hoofdstuk 5). Vervolgens hebben we, door fylogenetische informatie met
gen-expressiedata te combineren, de “orphan”-genen van Streptomyces coeli-
color geı̈dentificeerd die het meest veelbelovend zijn voor toekomstig exper-
imenteel onderzoek (Hoofdstuk 6). Het proefschrift eindigt ten slotte met
een verhandeling over het toekomstige gebruik van onze resultaten en mod-
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ellen, en geeft een toekomstvisie voor onderzoek in de systeembiologie van
antibiotica-producerende microben (Hoofdstuk 7).
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