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ABSTRACT
Genome wide studies of mycolic acid bacteria: Computational Identification and
Analysis of a Minimal Genome
Frederick Kinyua Kamanu

The mycolic acid bacteria are a distinct suprageneric group of asporogenous Grampositive, high GC-content bacteria, distinguished by the presence of mycolic acids in
their cell envelope. They exhibit great diversity in their cell and morphology; although
primarily non-pathogens, this group contains three major pathogens Mycobacterium
leprae, Mycobacterium tuberculosis complex, and Corynebacterium diphtheria.
Although the mycolic acid bacteria are a clearly defined group of bacteria, the taxonomic
relationships between its constituent genera and species are less well defined. Two
approaches were tested for their suitability in describing the taxonomy of the group.
First, a Multilocus Sequence Typing (MLST) experiment was assessed and found to be
superior to monophyletic (16S small ribosomal subunit) in delineating a total of 52
mycolic acid bacterial species. Phylogenetic inference was performed using the neighborjoining method. To further refine phylogenetic analysis and to take advantage of the
widespread availability of bacterial genome data, a computational framework that
simulates DNA-DNA hybridisation was developed and validated using multiscale
bootstrap resampling. The tool classifies microbial genomes based on whole genome
DNA, and was deployed as a web-application using PHP and Javascript. It is accessible
online at http://cbrc.kaust.edu.sa/dna_hybridization/
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A third study was a computational and statistical methods in the identification and
analysis of a putative minimal mycolic acid bacterial genome so as to better understand
(1) the genomic requirements to encode a mycolic acid bacterial cell and (2) the role and
type of genes and genetic elements that lead to the massive increase in genome size in
environmental mycolic acid bacteria. Using a reciprocal comparison approach, a total of
690 orthologous gene clusters forming a putative minimal genome were identified across
24 mycolic acid bacterial species. In order to identify new potential drug candidates
against the pathogenic mycolic acid bacteria, a drug target analysis of the protein-coding
genes, that are conserved across 15 pathogens, identified a total of 175 potential broadspectrum drug candidates. The activity of the predicted targets can be modified by a total
of 306 chemical compounds, 34 of which have been approved by the Food and Drug
Administration (FDA), for human treatment.
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Chapter 1: Introduction
1.1 Bacterial Genomes
Bacterial genomes are small and tightly packed with coding sequences and other
functional genetic elements. Usually, bacterial genome sizes range from 500 to 10,000
kilo-base pairs. The uniform distribution of genes, at a ratio of one gene per kilo-base
pairs, implies that genome reduction equates to gene loss (McCutcheon, 2010). It is
currently understood that genes encoding proteins that are involved in the same biological
pathway, tend to cluster into operons so as to facilitate co-transcription (Yin et al., 2010).
Operons are sets of genes that are co-transcribed into a single polycistronic messenger
RNA (mRNA), which is a phenomenon that is widely observed in many bacterial
genomes. Furthermore, the expression of genes under different growth conditions is
controlled by a complex network of transcription factors, which interact with targeted
genomic loci in a combinatorial way (Cho et al., 2011). Genes that play a lesser
significant role, with respect to environmental fitness, are more prone to deletion and
inactivating mutations, whereas those that are critical to survival will resist such
variations. Compared to the free-living forms, bacteria that have close association with
animals often have reduced genomes (Ochman, 2006; McCutcheon, 2010). The wide
genetic diversity observed in prokaryotic genomes make them excellent candidates for
studies of the principles of genetics and evolution (Toft & Andersson, 2010). Highthroughput genome sequencing has led to the current availability of diverse bacterial
genome sequences as well as the genomes of closely related strains within a species.
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When the current advances in sequencing technology are coupled with the rapid
development of software dedicated to comparative genomics, the mystery surrounding
bacterial genetic diversity may be more easily unraveled.

Genome-wide studies on bacterial genes, have shown that the number of shared genes
across different species is dependent on the genome sizes, as well as the evolutionary
distance between them. This correlation has been used to predict and characterize
functional interactions between genes, as it suggests that gene content is ultimately
determined by evolutionary history, genome size as well as functional selection (Snel et
al., 2002). The first step in the analysis, and hence in the understanding of a bacterial
genome, is the acquisition of high quality genomic DNA data through sequencing. The
Sanger technology kick-started the first-generation of DNA sequencing platforms in
1975. Thereafter, the advent of the second generation platforms, commonly known as the
Next Generation Sequencing (NGS) technology (Metzker, 2010) revolutionized the field
of genomics primarily due to the low cost of sequencing as well as high-throughput
capabilities. The four most common NGS platforms are: 1) Illumina, which is based on
sequencing by adapter ligation followed by the synthesis of DNA on a glass substrate
(Bentley et al., 2008); 2) Roche 454 (Margulies et al., 2005), which utilizes highthroughput pyrosequencing on beads; 3) ABI SOLiD, which employs sequencing by
ligation on beads (Shendure et al., 2005), and 4) Ion Torrent, which performs sequencing
using semiconductor technology (Rothberg et al., 2011).
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Transposons, which belong to a group of mobile elements commonly known as
transposable elements, are gene systems that jump from one locus to another within the
genome, as they incorporate certain genes. Other transposable elements include Insertion
Sequences (IS) elements (Siguier et al., 2006) and transposing bacteriophages – viruses
that rely on transposition for replication purposes. The diversity among the transposon
systems range from their structural features to their mechanisms of transposition.
Furthermore, they also exhibit a capability for both intra- and inter-chromosomal
movements, without any locus bias. Transposons differ with IS elements, in that they
encode a functional cellular phenotype, such as the resistance to a particular antibiotic, in
a predictable manner (Bennett, 2008).

1.1.1 Genome evolution
In living organisms, evolution constitutes heritable genetic changes that are observed
over several generations within a given population. In 1859, Charles Darwin proposed the
theory of evolution by natural selection. It has been critically tested, and is currently
upheld as the single most fundamental mechanism of evolution. Natural selection governs
the amplification or elimination of phenotypes within a population and ultimately dictates
the survival or extinction of individual population members (Sabeti, 2006). Evolution by
natural selection is based on three key tenets which constitute a summary of Darwin's
observation: 1) The existence of individual variations within a population; 2) The
heritable nature of these variations, and 3) A differential survival and reproduction
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gradient, based on individual variations (Gerlinger & Swanton, 2010). Insertions,
deletions, point mutations and genomic rearrangements (Lin et al., 2008) are the key
forces that drive the evolution of a bacterial genome. The dynamic nature of these
sequence variations, which are as a result of natural selection, ensure that the
chromosome stays in a constant state of flux (Paulsen et al., 2003). Microbial diversity as
a result of point mutations occurs at a very slow pace. On the contrary, the acquisition of
genetic material through horizontal gene transfer (Galtier, 2007) leads to an accelerated
rate of bacterial evolution. This mechanism, which serves as a conduit for the movement
of genes, also permits adaption and colonization of new niches. Segments of DNA that
are transferred in this fashion are technically referred to as genomic islands (GIs) (Ou et
al., 2007; Penn et al., 2009). In instances where GIs contain one or more virulence genes,
they are referred to as pathogenicity islands (PAIs; Boyd, et al., 2009).

The key features that define a GI include a size range of 10 up to 200 kilo-bases, a G-C
percentage that is different from the rest of the genome and association with tRNA genes.
In addition, they encode mobile genetic elements, and are usually flanked by repeat
sequences. Bacterial genomes are subject to selection pressure to minimise metabolic
load thus the integration of new GIs is countered by loss of gene segments from
elsewhere in the genome, which ensures that bacterial species don't experience an
exponential growth in genome size with a concomitant increase in metabolic load.
However, the retention of beneficial genes, balances with the probability of losing genes
which have a lower selective value driving bacterial evolution (Lloyd et al., 2009).
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The emergence of new technologies and protocols in molecular biology has significantly
contributed to the understanding of bacteria evolution, at the genetic level. Polymerase
Chain Reaction (PCR) is an enzyme-based technique for amplifying targeted DNA
sequences using thermal cycling. The success with PCR, which avails DNA almost
regardless of the initial amount, has boosted other key molecular techniques such as
whole genome sequencing. This has led to the establishment of large DNA repositories
through which researchers can mine for data and develop different evolution-centered
hypotheses.

1.1.2 Genome annotation
The DNA sequence of a bacterial genome constitutes a genetic code, which governs
protein expression, and ultimately will equip a bacterium with the ability to metabolize
numerous compounds, colonize diverse niches as well as share its genetic material.
Unraveling these details holds a great potential for the development of vaccines and
antimicrobial compounds, as well as the technical knowledge that is required for genetic
engineering. The use of a gene-prediction algorithm is usually the initial step taken in
order to understand and fully characterize newly sequenced genomes. Using a computer
algorithm, the DNA is scanned for known motifs that represent protein-encoding genes
and functional RNA products. The next step involves a comparison of the identified gene
features to preexisting libraries of gene annotations, with the aim of identifying their
degree of similarity based on a defined threshold. Subsequently, feature annotations are
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then transferred to the newly identified genes. The annotations include gene names,
ontologies, protein chemical properties, metabolic pathways and functions (Stothard &
Wishart, 2006; Richardson & Watson, 2012).

As the cost of genome sequencing become cheaper, both large and small laboratories are
generating huge amounts of sequence data. Most small laboratories and research teams
do not have the computing infrastructure that is needed to develop and maintain genome
annotation platforms that are geared towards the processing of high-throughput data
(Aziz et al., 2008). To circumvent this problem, different computational programs have
been developed to perform automated genome annotation. However, expert human
curation is often required, for reliable results.

The implementation of a custom genome annotation program involves the writing of
sequence analysis modules, coupling them together in order to form a pipeline, and hence
ensuring that output from one module is passed on as input for the next module. Lastly,
there is need for a storage utility for the results, which is usually implemented through a
Database Management System (DBMS), such as MySQL or PostgreSQL. Sequence
analysis modules such as de novo gene predictors could either be written or downloaded
from an external source and incorporated into the pipeline (Stothard & Wishart, 2006).
Module coupling, which forms the backbone of an annotation pipeline, is usually
implemented using a robust scripting language such as Perl, Python or Ruby. BioPerl
(Stajich et al., 2002) is a library for the Perl programming language that has been
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extensively used in the analysis of biological data, since it offers several modules aimed
at DNA sequence manipulation. Currently, almost all of the available genome annotation
pipelines use existing gene prediction algorithms such as GeneMark (Besemer &
Borodovsky, 2005) or Glimmer (Delcher et al., 1999) for predicting the coding sequences
and tRNA-scan-SE (Lowe & Eddy, 1997) for tRNA identification. The comparison of
sequences, followed by the subsequent transfer of annotation from publicly available
databases, such as UniProt (Jain et al., 2009), is performed using Basic Local Alignment
Search Tool (BLAST; Altschul et al., 1997) or HMMER (Finn et al., 2011).

Rapid Annotations using Subsystem Technology (RAST), is a fully automated annotation
web service that generates complete or near-complete bacterial and archaeal genomes
(Aziz et al., 2008). In addition to high-quality annotations, RAST can also reconstruct a
draft metabolic model of a bacterial genome. The consistency and completeness of RAST
annotations is based on its underlying engine of the manually curated library of
subsystems, and on protein families that are derived from the same subsystems.
Comparable to metabolic pathways, subsystems consist of a set of functional roles that
define a given biological, functional, or a structural complex (Overbeek et al., 2005). If
the protein coding sequences which have been predicted using software, are homologous
to other proteins of unknown function, they are referred to as 'conserved hypothetical'
genes. However, if they lack homologous or known functional domains in existing
genomic databases, they are annotated as 'hypothetical' proteins (Kolker et al., 2004).
Therefore, 'hypothetical' proteins could either be true genes which haven't been
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previously assigned functions or they could be annotation errors that are sometimes
propagated by annotation pipelines (Richardson & Watson, 2012).

1.1.3 Bacterial systematics and taxonomy
In bacterial systematics, the species forms the most important taxonomic group.
However, there is a lack proper species definition, unlike in higher organisms where
morphology and the sexual reproduction of viable offspring defines the species'
boundary. Bacterial taxonomists have to rely instead on a limited set of morphological
characteristics and specific biochemical tests to delineate the different species (Brenner et
al., 1992). Most biochemical tests are limited to only those that quantify the ability of the
bacteria to thrive under different growth conditions, and hence they lack the ability to
capture true diversity. Recently, molecular techniques such as ribosomal RNA
sequencing, have assisted in the molecular definition of a species. However, these
techniques also have several limitations in terms of genome coverage, cost and accuracy,
and hence cannot reliably resolve the problem of bacterial classification (Fraser et al.,
2009).

Chemical and morphological similarities between different living organisms may bear
testimony to the existence of a common ancestor. However, DNA is widely employed as
the signature molecule in the genetic code (Iii & Thompson, 1997). The 16S rRNA gene
has been the most commonly used genetic marker in bacterial taxonomy and phylogeny.
The strength of this gene, as the best candidate in systematics, is based on three
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characteristics: 1) Its function has been consistent over time, implying that random
mutations could accurately be taken as a measure of time; 2) It exists as a multi-gene
family or an operon, hence it is found in almost all bacteria; 3) With a relatively small
size, averaging 1500 base-pairs, the gene is ideal for large-scale informatics analysis.
However, although the 16S rRNA gene sequencing is now central to bacterial
systematics, its low phylogenetic power at the species level, as well as it poor ability to
discriminate between species within some genera cannot be disregarded. A case in point
where 16S rRNA has failed, is in the phylogenetic classification of the genus Bacillus.
Although B. globisporus and B. psychrophilus share only 23 to 50% relatedness at the
DNA level, their 16S rRNA genes exhibit 99.5% similarity. Therefore, the 16s rRNA
gene cannot be relied upon, to provide a definitive answer regarding the classification of
these bacteria (Janda & Abbott, 2007).

Previous studies have shown that accurate prediction of genome relatedness, and hence
species-level identification, can be performed using the internal genomic fragments of
housekeeping genes, in a technique called Multilocus Sequence Typing (MLST). The
number of genes employed is usually seven, and these genes have an average size of 450
to 500 base-pairs (Adékambi et al., 2011; Leeuwen et al., 2003; Zeigler, 2003).

Phylogenetics is a discipline that uses the comparison of DNA or protein sequences to
estimates the evolutionary history of a set of genomes. The concept of presenting
different hypotheses as trees, dates back to Charles Darwin, although the utilization of
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numerical calculations, based on quantitative methods, is relatively recent. Powered by
the recent advances in DNA sequencing technology, molecular phylogeny is emerging as
an ideal tool for analysing the taxonomic context of newly identified species with respect
to the preexisting ones. Typically, a phylogenetic tree is depicted as a composition of
branches, which are also referred to as edges, and the nodes. A node is the location at
which two or more branches arise. Internal nodes indicate the hypothetical last common
ancestor (LCA) of taxon branching from it, whereas terminal nodes represent the
operational taxonomic units (OTUs), and correspond to the sequences used to infer the
tree. Phylogenetic trees can be reconstructed using multi-gene families, single genes or a
combination of the two. To enhance visual interpretation, molecular phylogenetic trees
are usually drawn proportionally in terms of branch lengths (Baldauf, 2003).

There are two classes of methods applied in phylogenetic reconstruction, and these are
distance-based and character-based. In distance-based methods, phylogeny is inferred
using a data matrix that takes into account the distance between every pair of sequences.
For example, the neighbour-joining method (Saitou & Nei, 1987) resolves phylogeny by
clustering data points contained in an input matrix. There are a variety of character-based
methods for phylogenetic inference and they include Maximum Likelihood (ML),
Maximum Parsimony (MP) and Bayesian (Baldauf, 2003). These methods compare all
the sequences that are available in an alignment, taking into account each single aligned
character, to generate column-based scores that are employed in phylogenetic inference
(Yang & Rannala, 2012). The most commonly used technique for testing the accuracy of

22
a phylogenetic reconstruction is bootstrapping (Felsenstein, 1985). Basically, it tests
whether the test data is in support of the inferred tree, or there are other alternative trees
which are equally as good. This is achieved through randomly sub-sampling of the data
and subsequently building trees from each of these samples. Bootstrap values are
calculated as the frequency with which different parts of the tree are represented in the
original sub-samples. A 100% bootstrap value implies that all the leaves falling under that
node form a monophyletic group in all the bootstrap replications. Figure 1 illustrates the
analytical steps involved in a bootstrap test (Baldauf, 2003).
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Figure 1: Bootstrap analysis.
A graphical illustration of the three steps involved in a typical bootstrap analysis. (a) The
original dataset is subjected to a random replacement-based re-sampling to yield data that is
identical to the initial sample. (b) Each of the resulting dataset is used to construct a tree. (c) A
bootstrap analysis is performed by applying a scoring criteria based on the frequency at which
the different nodes are clustered together (Baldauf, 2003). Copyright permission for this figure
has been granted by the publisher.
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DNA-DNA hybridisation is a molecular technique in systematics and taxonomy, whose
underlying principle is the reversible dissociation of double-stranded DNA, upon the
application of a temperature gradient. This genome wide analysis of basic DNA sequence
conservation can facilitate more accurate and detailed phylogenetic relationships. The
amount of energy needed to separate hybridised DNA strands from different organisms is
used as an indication of the level of genetic similarity between them (Brenner et al.,
1992). However, DNA hybridisation assays are time consuming, labour intensive and
expensive. In addition, there are difficulties observed in trying to reproduce the
hybridization values, given that different parameters can affect DNA re-association
(Janda & Abbott, 2007). These observed problems could be obviated if new methods are
developed to study bacterial relatedness in silico (Auch et al., 2010). As the cost and
time needed to sequence a bacterial genome continues to decrease, there is a need to
develop computational methods for classifying bacterial genomes based on the available
complete and draft whole genome data.

1.1.4 The minimal genome
Mushegian (1999) has defined a minimal genome as the lowest number of genetic
components, that can be used to reconstruct the cell of a functional free-living organism.
In order to assemble a putative minimal genome, Cho et al (1999) have outlined a set of
condition that include; i) identification of the genes required for basic metabolic process
and genome replication; ii) a mechanism to assemble these genes without disrupting their
functionality and iii) provision of an ideal environment, since a minimal genome can only
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thrive under defined and controlled environmental conditions.

The first attempt at the reconstruction of a minimal genome was performed by Itaya
(1995) using random mutagenesis (Chen & Arnold, 1993). He analysed a total of 79
randomly selected loci from the bacterium Bacillus subtilis and found that only 6
mutations led to the inability of the bacteria to form colonies. A further statistical analysis
of the 6 mutations revealed that the indispensable genetic sequence derived from this
bacterium had a cumulative size of about 318 to 562 kilobase pairs. Although he
proposed this as a hypothetical minimal genome, its genetic composition was not clearly
defined. An year later, Mushegin and Koonin (1996) derived the genetic components that
constitute a potential minimal genome, in silico, by comparing the complete genome
sequences of Mycoplasma genitalium and Haemophilus influenzae (Fleischmann et al.,
1995; Fraser et al., 1995), and identifying genes that were conserved across the two
genomes. The underlying principle behind this approach is that genes that are conserved
in distantly related species are important for survival. This resulted in a gene-set that is
comprised of only 256 genes. A nearly identical hypothetical minimal genome, with 206
genes, was later reconstructed by Gil et al (2004) using an in silico comparison of eight
bacteria, while taking into consideration the available experimental gene-inactivation
data.

Comparative genomics techniques have proven to be very useful in understanding the
potentially essential genomic constituent of a living cell. This is based on the same

26
guiding principles of Mushegin and Koonin (1996), that genes conserved across large
phylogenetic distances might be essential (Gabaldón et al., 2007). A limitation in the
comparative genomics method of deriving a potential minimal genome was highlighted
by Koonin (2003), when he observed that as the number of genomes in the analysis is
increased, the size of the potential minimal genome decreases. This implied that there is
an under-estimation of the potential minimal genomes, since the comparative method
relies on the identification of orthologous genes across all the species being analysed.
Therefore, genes which are undergoing a rapid evolution rate, and are hence not
conserved across all the species are often missed out (Gil et al., 2004).

In order to complement the computational approach, and at the same time identify and
validate genes that are essential for the survival of a cell, experimental techniques have
been implemented in the reconstruction of potential minimal genomes. Such method
involves the inactivation of genes and the assessment of whether the cell dies or continue
to thrive. Cells used in the experimental studies are cultured under well defined and
regulated growth conditions. One of the key techniques, which has previously been
employed in the identification of a potential minimal genome, is the global transposon
mutagenesis, and it involves the inactivation of genes using transposons. When applied to
the genome of Mycoplasma genitalium, Hutchison (1999) identified a putative minimal
Mycoplasma genome with a total of 265 to 350 protein-coding genes.

Another common molecular technique, in the derivation of putative minimal genomes, is
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the application of single stranded anti-sense RNA, that results in a controlled inhibition of
gene expression within the target cells. This method was employed to identify a total of
658 essential genes in the genome of Staphylococcus aureus (Forsyth et al., 2002), and
192 essential genes in Bacillus subtilis (Kobayashi et al., 2003). Despite their proven
success, the experimental techniques are associated with the following limitations; i)
genes whose inactivation leads to significantly slow growth mutants may not be detected
and classified as essential; ii) because of possible alternative functions and pathways,
genes which may not be essential, when analysed individually, might be essential when
analysed as a pair and iii) due to the controlled laboratory growth conditions, the
analytical molecular techniques employed may not be able to capture genes which could
otherwise be essential in a different environment (Zhang et al., 2010).

Once the genetic components of a putative minimal genome have been determined, their
synthesis and assembly can be performed in the laboratory. For example, Gibson et al
(2008), have previously assembled a synthetic 582 Kilobase genome of the bacterium
Mycoplasma genitalium. The derivation of a minimal gene set and the assembly of these
genes into a living set could potentially be exploited in bio-engineering of cells that,
under controlled growth conditions, could be used for industrial production of targeted
compounds, such as amino acids or biodegradable polymers (Forster & Church, 2006).

28
1.2 Computational Methods
The advent of low cost whole genome DNA sequencing has led to an exponential
increase in the rate at which genomic data is currently being generated. This mandates
that great emphasis should be placed on the development of sustainable and scalable
computational approaches for organization, analysis and interpretation of data. Given that
living systems are non-linear and are dynamic in nature, noise is inherent in the data
collected from experiments and computational simulations of these systems. Therefore,
there is a constant need for new algorithms and mathematical models with increased
sensitivity and specificity (Fogel, 2008).

1.2.1 Computers in biology
The massive datasets that are currently being generated by the high-throughput
sequencing technologies, have necessitated the application of computational methods in
the analysis. Bioinformatics involves the interdisciplinary application of information
sciences to biology, and more so in the fields of molecular biology and genomics. At the
intersection of mathematics, biology, statistics and computer science, the field presents
novel methodologies in gathering, sorting and analyzing huge biological datasets in an
efficient manner (Golding, 2003). Bioinformatics can therefore be defined as a discipline
that embraces different aspects of biological information retrieval, analysis, storage,
dissemination and interpretation by combining techniques and tools of computer science,
mathematics and biology. The ultimate aim is to gain a comprehensive understanding of
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the biological significance, from a given dataset (Benton, 1996).

Luscombe et al., (2001) reasonably defined bioinformatics in the service of three main
aims. First, the simplest aim of bioinformatics is the data organization. This gives
researches access to existing information and also the technical ability to submit newly
generated data entries as they become available. While data organization is critical, the
information contained therein is ineffectual unless proper analytical methodologies are
employed. Hence, the second aim of bioinformatics is the development of tools and
resources that enhance data analysis. This requires a comprehensive expertise in
algorithm development as well as a thorough grounding in the knowledge of biological
principles. The final aim of bioinformatics is a hypothesis-driven application of these
tools and resources, which allows the interpretation of the data in a biologically
meaningful way. Unlike the traditional biological approaches, which lay reductionist
focus on the analysis of a single system component, bioinformatics revolutionizes this by
enabling the analysis of multiple systems all at once. Hence, common principles that
guide these systems can be uncovered while also discovering new features.

Hauth & Burger (2008) have proposed a methodology for formulating a bioinformatics
problem through defining the related biological and computational questions in a clear
and integrated manner. The model approach is based on three key principles which
include a biological model, a bioinformatics transformation

and a computational

implementation. The biological model defines a biological problem, while the
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bioinformatics transformation simplifies elements of the question into a set of
computational rules. The final stage of this model is to derive a mathematical formulation
for the set of rules defined through the bioinformatics transformation step. This sequence
of steps generates a bioinformatics problem formulation model that ultimately answers
any biological question of interest. In addition, it provides a solid foundation for
experimentation and discovery, and has myriad of avenues for application, ranging from
engineering of an organism that exhibit desirable traits, to the discovery of factors that
cause diseases (Rhee, 2005).

The system driven computational approach, that incorporates the knowledge of a system
with other related data, and simulates its biological behavior is called systems biology.
The aim of this approach is to understand the biological mechanism behind a given
physiological system in a comprehensive manner. This study is based on the fact that
each living organism is made of several subsystems through which the flow of energy,
material and information is systematically controlled. The aim is to model and run
simulations of these systems, visualize the results and draw inferences based on a better
comprehension of the mechanisms of life. The application of computers in systems
biology enables the quantification of biological theories, and hence the creation of a
model for the dynamic behaviour of these systems, which can be visualized and
interrogated to confirm or purge the underlying hypothetical assumptions (Yao, 2002).

Bioinformatics forms a key part of research and development in biosciences, and has
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been successfully employed in comprehending massive genomic, transcriptomic and
proteomic data. As the sequence data for several organisms become publicly available,
bioinformatics is becoming a handy tool for the determination of functional behaviour of
individual cells as well as entire organisms. Therefore, the emergence and rapid
development of bioinformatics protocols can be attributed to the exponential growth in
molecular data, which has, as a consequence of the DNA sequencing technology, become
cheap and widely available. Various repositories have been set up for the storage of these
data, such as RefSeq (Pruitt et al, 2005), the European Molecular Biology Laboratory
sequence database (EMBL; Kulikova et al., 2007), the DNA Data Bank of Japan (DDBJ;
Tateno et al., 2002), the Protein Information Resource (PIR; Wu et al., 2003) and the
SWISS-PROT (Schneider et al., 2004). This has opened up the need for the development
of computational methods for data retrieval and analysis, as well as algorithms geared
towards the search for sequence similarity, structural predictions and functional
predictions (Kanehisa & Bork, 2003).

The success of bioinformatics lies in the incorporation of advanced information
technology tools and methodologies such as Artificial Intelligence (AI), dynamic
programming, Markov chains and data mining. As a result of increasing high-throughput
technologies, biological research is constantly facing problems with efficient storage,
indexing and systematic retrieval of data. Consequently, efficient integration of disparate
biological datasets has become central to the advancement of genomic research. The final
goal of bioinformatics involves the extraction of knowledge and principles from high-
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throughput data to generate complete models of functional cells and organism. This
results in a reliable prediction of complex biological systems, such as metabolic
processes and interaction networks, that simulate phenotypes observed in complete
genomes (Kanehisa & Bork, 2003).

1.2.2 Cluster analysis of biological data
Clustering is the unsupervised technique of employing an algorithm to classify perceived
patterns into similarity-based groups, which are designated as clusters. The clustered
patterns could be data-items, observations, or a set of feature vectors. With a wide array
of contexts within which to apply it, clustering spans across many research domains and
plays a fundamental role as an initial step in exploratory data analysis. There is a wide
range of clustering techniques and algorithms, which provides various methods for
mapping the data and computing similarity between different data points (Jain et al.,
1999; Handl et al., 2005). Among the oldest and still most commonly applied clustering
method, in genomics, is the agglomerative hierarchical clustering algorithm (Johnson,
1967). The method starts with a single partition in N single-entity clusters, and then
subsequently merges all the entities until they fit into the same cluster. Current clustering
algorithms can be broadly categorized into three classes, based on the nature of the
partitions generated. These include compactness, connectedness and spatial separation.
Compactness aims at minimizing the intra-cluster differences and includes such
techniques as the k-means algorithm. The connected approach ensures that neighboring
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data points are partitioned into the same cluster. Lastly, the spatial separation approach is
an integration of the compactness and the connectedness criteria (Handl et al., 2005).

The validation of clustering techniques constitutes an integral part of data analysis.
Unfortunately, validation has not been strictly adhered to in post-genomic data analysis,
which has resulted in hampered progress. For example, in the analysis of microarray gene
expression data, Giancarlo et al (2008) have elaborated on the lack of cluster validation
techniques due to the complex nature of gene interactions, which has to be taken into
account. Two areas of concern that stick out are in algorithm development and in
verification of the results. Many newly developed clustering algorithms are not
adequately assessed and tested, leaving users without any knowledge of their strengths
and relative weaknesses. Extra effort in quantitative determination of their reliability
would ensure that uncertainty problems are eliminated, and hence the techniques are
readily accepted and adopted into the mainstream domain of clustering techniques. The
verification of cluster results involves the provision of an estimate of significance
thresholds, which although exploratory, has the potential to offer an analytical assessment
of the nature of the data structure within a given partition. To meet this need, Suzuki and
Shimodaira (2006) have implemented a multiscale bootstrapping algorithm which can be
applied to validate clusters. The availability of validation scores within clusters form an
integral component in the result interpretation (Handl et al., 2005).
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1.3 Mycolic acid bacteria
The mycolic acid bacteria belong to the order Actinomycetales, sub-order
Corynebacterineae. Members of this group are Gram-positive and have a high GCcontent. The mycolic acid bacteria exhibit diversity in their genome size, morphology,
pathogenicity and ecology (Alam et al., 2011; Ventura et al., 2007). In addition, their cell
envelope differs from the standard Gram-positive structure by the inclusion of an external
mycolic acid layer. These long chain fatty acids are covalently linked to the main cell
wall polysaccharide and arabinogalactan structural elements to produce a permeability
barrier that is distinctive for this group of bacteria. Mycolic acids are composed of longchain alpha-alkyl and beta-hydroxylated fatty acids, with a 30 to 90 Carbon chain length
(Gebhardt et al., 2007; Stratton et al., 1999). Their chemical composition and volumetric
quantities have been demonstrated to affect the growth rate, colony morphology, cell
permeability and even virulence in pathogenic bacteria (Banerjee et al., 2011). Within the
cell envelope, mycolic acids exist in the form of extractable glycolipids, which include
trehalose monomycolate and trehalose dimycolate, or they are covalently linked to the
terminal arabinose residues of the mycolyl arabinogalactan-peptidoglycan complex
(Veyron-Churlet et al., 2010). Figure 2 is an illustration of a typical mycolic acid
chemical structure. The chemical composition and the structural morphology of mycolic
acids vary across this suprageneric group (Corynebacterium, Dietzia, Skermania,
Gordonia,

Segniparus,

Mycobacterium,

Tsukamurella,

Nocardia,

Williamsia,

Rhodococcus and Millisia (Ochi, 1995)). The group consists of both pathogenic and nonpathogenic members, with the most prominent human pathogens being Corynebacterium
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diphtheriae, Mycobacterium tuberculosis and Mycobacterium leprae.

Figure 2: Mycolic acid structure.
An illustration of the general structure of a mycolic acid molecule. The hydrocarbon chains
are represented by R. The beta chain (Rβ) is always longer and usually contains the
unsaturated region of the mycolic acid molecule.

Although the molecular mechanisms that govern the biosynthesis of mycolic acid remain
largely obscure (Veyron-Churlet et al., 2010), four sub-pathways are involved. The first
three are malonyl CoA production, fatty acid synthase-I (FAS-I) pathway and fatty acid
synthase-II (FAS-II) pathway. The last step involves converting the products of FAS-II
and FAS-I into a methoxy-, and keto-mycolic acids. Among the bacterial species that
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belong to the Mycobacteriacea group, biosynthesis of mycolates involves a total of 46
genes which work in a coordinated manner (Raman et al., 2005; Banerjee et al., 2011).

Several pathogens have been known to encode very small genomes, leading Moran
(2002) to observe that the transition of free-living, non-pathogenic bacteria, into a
parasitic lifestyle is accompanied by a reduction in genome size. She proposes that this
observation could be attributed to the fact that pathogens obtain their nutrient
requirements from their host, and hence lose genes that are involved in biosynthesis of
molecules such as amino acids. Studies of the Mycobacterium group of species have
shown that human and animal pathogens have relatively small genomes, and hence
encode fewer number of genes, compared to the non-pathogenic species (Stinear et al.,
2007). From all the sequenced genomes, the well characterized genome of
Mycobacterium leprae (Cole et al., 1998), exhibits the largest proposition of non-coding
DNA, at 23.5%, and is hence said to have undergone through reductive evolution (Cole
et al., 2001; Georgiades & Raoult, 2010). A comparative analysis of M. leprae and other
mycobacterial species has shown that M. leprae has retained only a small set of genes
that encode critical cellular functions such as cell the wall synthesis. Based on this
observation, Vissa and Brennan (2001) have proposed that M. leprae may possess only a
minimal mycobacterial gene set.
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1.4 Thesis aims and objectives
The mycolic acid group of bacteria are a well defined taxonomic group that yet exhibit a
broad diversity in genome size, morphology, pathogenicity and metabolic versatility.
Some members are important for industrial production of various bio-molecules, while
others are important human and animal pathogens. In this study, computational methods
and software were used to perform a genome-wide comparative analysis of mycolic acid
bacteria genomes. The specific aims are as outlined:

1. Use Multilocus Sequence Typing (MLST) to reconstruct the taxonomy of mycolic
acid bacteria, and compare the discriminatory power of this method to commonly
used 16S and the 30S ribosomal RNA phylogeny.
2. Develop a computational framework that simulates DNA-DNA hybridisation, for
the phylogenetic classification of bacterial genomes based on whole-genome
DNA similarities.
3. Identify the potential minimal mycolic acid genome, based on orthologous and
paralogous gene conservation, and analyse it for metabolic pathway and operon
enrichment.
4. Perform a comparative analysis of both pathogenic and non-pathogenic species
across four distinct genera, in order to identify species-specific functional
annotations.
5. Identify and prioritise potential broad-spectrum drug candidates, based on
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conservation of protein-coding genes in pathogenic mycolic acid bacteria.

1.5 Thesis outline
Chapter 1 – Introduction. Reviews the current knowledge in the structure, evolution,
annotation and protocols, that are used in the phylogenetic classification and systematics
of microbial genomes. The chapter also summarizes the fundamental role of computers in
the development of algorithms geared towards high-throughput analysis and
characterization of

microbial genomes. The mycolic acid bacteria, whose genome

analysis, is central to this dissertation, are also introduced. Finally, the chapter raises the
research questions upon which this research was undertaken, as well as a brief summary
that highlights the research undertaken and written up in the other chapters.
Chapter 2 – Methods. Presents the computational methods and software used in the
analysis. The chapter also highlights the development of new software tools, which were
used in order to meet the analytical objectives of the research undertaken.
Chapter 3 – A multi-gene phylogenetic analysis of mycolic acid bacteria. Highlights the
application of a multi-gene approach, in the phylogenetic classification of mycolic acid
bacteria.
Chapter 4 – In silico DNA-DNA hybridisation. Outlines the development and statistical
assessment of a computational framework that simulates the DNA-DNA hybridisation
protocol, using whole bacterial genomes for phylogenetic classification.
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Chapter 5 – Defining the minimal mycolic acid bacterial genome. The chapter outlines
the identification of a core set of conserved mycolic acid bacterial genes, analysis of the
metabolic pathway, operon enrichment and the prioritization of potential drug candidates
for the pathogenic class of bacteria.
Chapter 6 – Conclusions and future work – Gives a summarized account of the key
research findings, limitations and future directions.
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Chapter 2: Methods
2.1 Research overview
This chapter details the methods that were applied in the genome-wide analysis of the
mycolic acids bacterial genomes. The main analytical steps include the use of MLST to
reconstruct the phylogeny of Rhodococcus and related mycolic acid bacteria, the
development of a computational framework that simulates DNA-DNA hybridization for
bacterial systematics, and the identification and analysis of a core mycolic acid bacterial
genome. The identified core genome constitutes a putative minimal mycolic acid
bacterial genome, and has been interrogated for pathway and operon enrichment, using
statistical significance testing. With the exception of the MLST sequence data, some of
which is pending publication, all the genomic sequences and meta-data were downloaded
freely from public genomic repositories. Throughout the chapter, detailed analytical
methods have been described under relevant sub-headings. All the software tools that
were used are open-source and freely available for download. Custom Perl scripts were
developed for the implementation of analytical methods where no existing software was
available. All the statistical analysis was performed either using stand-alone R scripts, or
an integration of R scripts into Perl programs. PHP, HTML and JavaScript were used for
web-application development. A list of the software that was applied in this research has
been provided as appendix F, on page 156.
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2.2 A multi-gene phylogenetic analysis of mycolic acid bacteria
MLST, a highly discriminatory technique, was employed to resolve the phylogeny of the
Rhodococcus and related mycolic acid actinomycetes. The internal DNA fragments of
five house-keeping genes, from 52 mycolic acid type strain genomes, were used for the
phylogenetic reconstruction and analysis. With a total of 23 representative species, the
majority of the analysed genomes belonged to the target genus, Rhodococcus. The genes
which were selected and applied in the analysis include rpoC, PNPase, secY, purL and
purF. Addition phylogenies were also inferred from the 16S and the 30S ribosomal RNA
genes for comparison. The analysis was performed in two steps. First, trees were inferred
for each of the seven genes separately, and then individual alignments, for the five
protein-coding genes, were concatenated, trimmed and used to infer a multi-gene tree.

2.2.1 Gene sequence data
Seven house-keeping genes that are highly conserved in 52 mycolic acid bacteria species,
cutting across 13 different genera, were selected for MLST analysis (Appendix A, page
150). These genes include 16S ribosomal RNA (16S rRNA), the beta prime subunit of
RNA polymerase (rpoC), 30S ribosomal RNA (30S rRNA), Polynucleotide phosphorylase
(PNPase), Preprotein translocase membrane subunit (secY), Phosphoribosylformylglycineamide synthetase (purL) and Amidophosphoribosyltransferase (purF).

Genes

from 32 species, out of the 52 species that were analysed, have not been published.
Therefore, their sequences were determined by chain termination followed by capillary
electrophoresis (Sanger & Nicklen, 1977), by Geneservice Limited, a DNA sequencing
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company in the United Kingdom. A custom Perl script (Appendix O, page 179) was used
to filter out, format and annotated the newly sequenced data in readiness to uploading it
in the GenBank (Benson et al., 2007) sequence database.

2.2.2 Reconstruction of single-gene trees
A phylogenetic analysis pipeline was developed using Perl (Appendix O, page 197), to
automate the single-gene phylogenetic tree reconstruction. DNA sequences were aligned
with Clustalw (Larkin et al., 2007) using the default settings. The output alignment
format was set to Phylip in order to ensure format compatibility with a wider array of
phylogeny inference tools. Using TrimAl (Capella-Gutiérrez et al., 2009), sequences
were trimmed for quality, such that all the positions in the alignment which had gaps in
10% or more of the input sequence were removed. However, the only exception to this
criterion was if trimming left less than 60% of the original sequence length. For each
gene, phylogenetic inference was performed using the Neighbor-joining method (Saitou
and Nei, 1987) in Phylip (Felsenstein 2005). Bootstrap resampling was performed 500
times to generate branch support for the tree. Images were saved both in PDF and PNG
formats, for visual analysis and interpretation.

2.2.3 Reconstruction of the multi-gene tree
To infer phylogeny from multiple genes, sequence alignments were performed for each of
the five genes separately. Thereafter, the alignments were concatenated to generate a
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single multi-gene alignment. The five protein-coding genes employed in the analysis are
rpoC,

PNPase, secY, purL and purF (see section 2.2.1). The combined multiple

alignment wast trimmed using TrimAl (Capella-Gutiérrez et al., 2009), and then Phylip
(Felsenstein 2005) was used for phylogenetic inference using the Neighbor-joining
method (Saitou and Nei, 1987). Analogous to the single-gene phylogenetic
reconstruction, a bootstrap resampling value of 500 was used. The topology and bootstrap
support for the multi-gene tree were compared to those of the trees inferred from 16S
and 30S rRNA genes.

Bootstrap analysis is important in phylogenetic reconstruction because it provides a
measure of confidence for the estimated trees (Efron et al., 1996). In this analysis, the
reliability of the inferred trees was tested using 500 bootstrap replicates. The underlying
principle involves collapsing the branches, which correspond to the partitions that are
reproduced in less than 50% of the original number of replicates. Bootstrap values, which
are shown on the branch of a given tree, correspond to the proportion of the initial
number of bootstrap replicates, where related taxa are uniformly aggregated together.

2.3 In silico DNA-DNA hybridisation
This section highlights the development and implementation of a computational protocol
that simulates DNA-DNA hybridisation. This is a molecular biology technique that
quantifies genetic similarity between two or more species, given a pool of single-stranded

44
DNA sequences. The bacterial genomes used in the analysis were retrieved from public
repositories, and an algorithm was developed to compute their correlation coefficients
based on sequence homology. The similarity indices were converted into a distance
matrix and clustered using a hierarchical clustering algorithm. A dendrogram and a heatmap were generated for easier visualization and interpretation. Using Perl, PHP,
JavaScript and HTML, the pipeline was implemented as a web-application, hence
providing a platform that enables rapid analysis and the phylogenetic classification of
both existing and newly sequenced bacterial genomes. The complete methodology, as
well as the criterion employed to statistically assess the obtained results, have been
outlined.

2.3.1 Whole genome sequence data
The genome sequences of 15 pathogenic and nine non-pathogenic mycolic acid bacteria
were downloaded from the Reference Sequence database (RefSeq; Pruitt et al., 2009) in
March, 2012. The data included DNA, RNA and protein sequences, as well and all the
available genomic annotations, such as pathway information. RefSeq is an open access
database, that is hosted at the National Center for Biotechnology Information (NCBI),
and contains annotated and curated single copies of DNA, RNA and protein sequences.
The genomes, which represents eight genera include Corynebacterium aurimucosum
ATCC 700975 (Trost et al., 2010), Corynebacterium diphtheriae NCTC 13129 (CerdenoTarraga,

2003),

Corynebacterium

efficiens

YS-314

(Fudou

et

al.,

2002),
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Corynebacterium glutamicum R (Yukawa et al., 2007), Corynebacterium glutamicum
ATCC 13032 (kitasato) (Ikeda & Nakagawa, 2003), Corynebacterium jeikeium K411
(Tauch et al., 2005), Corynebacterium urealyticum DSM 7109 (Tauch et al., 2008),
Dietzia cinnamea P4 (Procópio et al., 2012), Gordonia bronchialis DSM 43247 (Ivanova
et al., 2010), Gordonia neofelifaecis NRRL B-59395 (Ge et al., 2011), Mycobacterium
bovis AF2122/97 (Garnier et al., 2003), Mycobacterium bovis BCG str. Pasteur 1173P2
(Brosch et al., 2007), Mycobacterium leprae TN (Cole et al., 1998), Mycobacterium
marinum M (Stinear et al., 2008), Mycobacterium smegmatis str. MC2 155 (Gonzalez-YMerchand et al., 2012), Mycobacterium tuberculosis H37Rv (Cole et al., 1998), Nocardia
farcinica IFM 10152 (Ishikawa et al., 2004), Rhodococcus erythropolis PR4 (Urai et al.,
2007), Rhodococcus equi 103S (Letek et al., 2010), Rhodococcus erythropolis SK121,
Rhodococcus jostii (strain RHA1) (McLeod et al., 2006), Rhodococcus opacus (strain
B4) (Na et al., 2005), Segniliparus rotundus DSM 44985 (Sikorski et al., 2010) and
Tsukamurella paurometabola DSM 20162 (Munk et al., 2011).

In addition, metabolic and pathway gene annotations, corresponding to the previously
downloaded RefSeq sequences, were retrieved from the Pathosystems Resource
Integration Center database (PATRIC: (Gillespie et al., 2011). In order to compare the
conservation of protein-coding genes between human and mycolic acid bacteria, a total of
32,799 human protein sequences (Venter et al., 2001) were downloaded from RefSeq.
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2.3.2 Computing similarity indices from whole genomes
In order to implement DNA-DNA hybridisation, the NUCmer package of MUMmer
version 3.0 (Delcher et al., 1999), was used to align the microbial DNA sequences and
determine the number of conserved nucleotides within each pair-wise alignment.
NUCmer was run in two parts. First, a delta file was generated by calculating the
maximal unique matches of a 10 nucleotide length between the reference and query
sequences. Then, show-coords, which is a MUMmer script, was used to parse the delta
alignment output, yielding summarized details such as genomic coordinates, percent
identity and the lengths of both the reference and the query sequences. Using a custom
Perl script (Appendix P, page 184), the percentage length of the query genome's
conserved DNA sequence, with respect to the reference sequence, was tabulated at
different similarity thresholds, that is, 100%, 90%, 80% and 70%. The sequences were
aligned using the maxmatch parameter, in order to ensure that genomes were anchored
using all the possible, uniquely matching, sub-sequences. Running NUCmer though the
custom Perl wrapper ensured that genome similarity matrices could be computed for a
large number of bacterial species in a rapid, scalable and reproducible manner.

2.3.3 Hierarchical clustering
A hierarchical clustering algorithm was applied to the distance matrix using the opensource package pvclust (Suzuki & Shimodaira, 2006), which is available in the R
statistical programming language (R-Development-Core-Team, 2008). In order to assign
confidence scores to the resulting clusters, multiscale bootstrap resampling was used to
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compute the uncertainty assessment. This generated two types of bootstrap values, that is,
Approximately Unbiased (AU) value and Bootstrap Probability (BP) value. The analysis
was performed through an R script, with a preset bootstrap value of 1000. A heat map
visualization of the clusters was also plotted using the Lattice package (Sarkar, 2008) in
R. The agglomerative method as well as the distance measure can be set by the user via
interactive command-line options, which allows users to customize their analysis. The list
of available distance measures include correlation, uncentered and abscor (Suzuki &
Shimodaira, 2006); while the agglomerative methods are average, ward, single, complete,
mcquitty, median and centroid (Suzuki & Shimodaira, 2006).

2.3.4 Development of a web application
The in silico DNA-DNA hybridisation protocol was implemented into a web application
using Perl, PHP, JavaScript and HTML. The architecture of the program can be
compartmentalized into three areas which include data upload, processing and result
visualization. A friendly user-interface was developed, in order to enable users upload
FASTA formatted genomic DNA, or a list of RefSeq and GenBank accession identifiers
for analysis. If provided with RefSeq or GenBank accession numbers, the system uses
BioPerl modules (Stajich et al., 2002) to automatically downloads the corresponding
FASTA formatted DNA sequences. The second part of the web application involves the
alignment of sequences, calculation of genetic similarity and the subsequent conversion
of the similarity indices into a similarity matrix (see section 2.3.2). This is performed
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using MUMmer, which is an open-source alignment software for whole genomes. The
computed distance matrix is then clustered hierarchically using the pvclust package in R.
In addition to clustering, this package also performs assessment of the resulting clusters,
using a multistage bootstrap resampling algorithm, and associates statistical p-values to
the generated cluster dendrogram. A heat map, that is based on the genome similarity
scores is also generated in R using the Lattice package. The third and final part of the
program is the presentation of the previously generated cluster dendrogram and heat map.
This was implemented using PHP, JavaScript and HTML. Figure 3 is a
illustration of the web application's implementation.

graphical
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Figure 3: Web application design.
Implementation of the web-application for in silico DNA-DNA hybridization.
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2.3.5 rRNA-based phylogenetic reconstruction of the mycolic acid bacteria
The DNA sequences of 5S, 16S and 23S rRNA mycolic acid bacterial genes were used
for phylogenetic reconstruction and inference of three distinct trees. The aim was to
compare the in silico, whole genome-based classification software, with the widely used
ribosomal RNA phylogeny method. With the exception of Rhodococcus erythropolis
SK121, which lacked the 23S gene, and Gordonia neofelifaecis NRRL B-59395, which
lacked both the 23S and the 5S genes, all the rRNA gene sequences were available for all
the other mycolic bacterial genomes (see section 2.2.1). Multiple sequence alignment was
performed with ClustalW (Larkin et al., 2007), using default parameters. Upon
completion of the multiple sequence alignment, all the aligned positions in which gaps
spanned across 10% or more, of the entire sequence length, were trimmed using TrimAl
(Capella-Gutiérrez et al., 2009), unless the trimming left less than 60% of the original
sequence length.

The phylogenetic analysis software, MEGA (Tamura et al., 2011), was used for the
estimation of evolutionary distances and the subsequent phylogenetic inference. The
evolutionary distances were calculated using the p-distance model (Tamura et al., 2004),
which calculates the proportion of nucleotides, (p), that accounts for differences between
any two sequences (Appendices C, D & E). The Neighbor-joining method (Saitou & Nei,
1987) was used to infer the evolutionary history. Using 1000 replicates (Felsenstein,
1985), a consensus bootstrap tree was inferred and taken to represent the evolutionary
history of the mycolic acid bacterial taxa analysed. All the trees were drawn to scale. The

51
total number of sequences involved in the phylogenetic analysis of 16S, 23S and 5S
rRNA genes, were 24, 22 and 23, respectively. Codon positions included in the analysis
were the first, second and third, as well as the non-coding positions. All the positions with
gaps and missing data, were removed. There analysis contained 1227, 108 and 587
nucleotide positions, for the 16S, 5S and 23S rRNA genes, respectively.

2.4 Analysis of the minimal mycolic acid bacterial genome
A comparative analysis of the mycolic acid bacterial genomes was carried out to identify
orthologous and paralogous gene sequences, that are conserved across 24 representative
species. The identified orthologues and paralogues were organized into clusters, whose
members represent a potential mycolic acid core genome. This section details the
computational protocol that was employed to interrogate and visualize these gene
clusters, in terms of the number and size of genes, as well as the distribution and number
of operons. These parameters were also used to compare pathogenic and non-pathogenic
mycolic acid bacteria, and highlight the differences thereof. In addition, statistical
enrichment of functional genes and pathways, as well as the identification and
prioritization of potential drug candidates were

performed. All the data was freely

downloaded from public repositories, and the formatting and analysis was automated
using custom Perl scripts. All the statistical analysis and data plots were performed using
R.
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2.4.1 Identification of the core essential genes
OrthoMCL (Li et al., 2003) was used to identify all the orthologous and paralogous gene
sequences across 24 mycolic acid bacteria genomes (see section 2.2.1). This software
uses the Markov Cluster Algorithm (MCL) (Dongen, 2008) to assign protein sequences
into clusters, using amino acid similarity information. The algorithm identified putative
orthologous relationships across the mycolic acid genomes by running an all-against-all
BLASTP comparison (Altschul et al., 1990), and then filtering out orthologous genes
based on reciprocal best similarity hit approach. Sequences occurring in the same
genome, which were highly similar to each other than to any sequences from the other
genomes were designated as putative paralogues. Both putative orthologous and
paralogous genes were selected using a p-value cut-off of 1.00E-05.

2.4.2 Visualizing genome annotations
A Perl script was used to filter out orthologous gene clusters, as well as their
corresponding genomic sequences (Appendix Q, page 188). The circular M. leprae TN
genome was used to represent the 24 mycolic acid bacteria in the visualization of the
core genome's structural outline and functional annotations. The choice of this genome
was based on the fact that it has undergone through massive gene decay, which has
reduced its size in base composition, making it an inherent minimal nature (Cole et al.,
2001). The gene coordinates were extracted from the RefSeq database, and visualized
using Circos software (Krzywinski et al., 2009)

Circos is a data exploratory and
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visualization software that uses a circular layout to depict relationships between data
objects. The gene track was coloured differently based on the nature of the genes, that is,
core or variable category. Additionally, numerical GC% and GC-skew were plotted into
separate rings.

2.4.3 Metabolic pathway analysis
Using a Perl script (Appendix R, page 190), the number and nature of metabolic
pathways in each genome were compared between those associated with the identified
core gene-set, and those associated with the variable genome. Pathway annotations were
drawn from the Kyoto Encyclopedia of Genes and Genomes database (KEGG; Kanehisa
et al., 2008). A 2X2 contingency table was generated from the tabulated results in order to
evaluate pathway enrichment in the core genome. The table was partitioned into two
columns, in order to represent both the core-genome and the variable genomes. Two rows
were then inserted under each of these columns, tallying the number of genes associated
with any given pathway, as well as the number of genes that are not associated with that
specific pathway. An R script was integrated into the Perl script to perform Fisher's exact
test, after which the resulting p-values were corrected using the Bonferroni correction for
multiple hypothesis testing.
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2.4.4 Operon analysis
In the prokaryotes, operons are sets of genes that are co-regulated and co-expressed to
form a polycistronic messenger RNA (Taboada, 2012). In this analysis, predicted operons
for the mycolic acid genomes were downloaded from the Prokaryotic Operon Database
(ProOpDB: Taboada, 2012). The ProOpDB database contains bacterial operons which
have been predicted using neural networks, which is a machine learning technique. The
database is regarded as having the most accurate prokaryotic operon predictions, with an
accuracy of 94.6% when tested on experimentally defined Escherichia coli operon data.
For each genome, a Perl script (Appendix S, page 198) was used to compute the number
of operons, as well the average size of operons in terms of the number of genes
constituting it. From the tabulated results, a correlation analysis was performed in R, to
determine whether there is a statistically significant relationship between the size of
mycolic acid bacterial genomes and the number of predicted operons. A statistical
significance threshold for analysis was set at 0.05. In order to overcome the inherent bias
posed by the notable differences in the mean genome sizes of pathogenic and nonpathogenic bacteria, data was divided into these two categories prior to the test.

The second analysis that was carried out on the predicted operons was a Chi-squared test.
The aim of this test was to investigate whether the operon-forming genes were more
likely to be associated with the predicted core or the variable mycolic acid bacterial
genome. The contingency table was partitioned into two columns, one for the category of
core genes and the other one for the variable genes. Under each of these two, the total
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number of operon genes, as well as the non-operon genes, were computed and tabulated.
The resulting p-values were automatically corrected using Yates' continuity correction in
R. The p-value statistical significance threshold was set at 0.05.

2.4.5 Comparative analysis of the pathogens and non-pathogens
A total of four mycolic acid bacterial genomes, drawn from four different genera, were
used to perform a comparative analysis of pathogen and non-pathogen genomes. The
selected species include Tsukamurella paurometabola DSM 20162, Mycobacterium
tuberculosis H37Rv, Corynebacterium glutamicum R and Rhodococcus jostii RHA1. The
first two species are human pathogens while the last two are free-living soil bacteria. A
Perl script was used to extract orthologous and paralogous gene clusters across all the
four genomes (Appendix Q, page 188). Using the VennDiagram package (Chen &
Boutros, 2011) in R, both species-specific and shared clusters were determined. In
addition, conserved genomic sequences across these genomes were determined in form of
Locally Collinear Blocks (LCBs), using ProgressiveMauve (Darling et al., 2010). Based
on the generated Mauve guide-tree, the LCBs and the corresponding syntenic alignment
information were analysed using the genoPlotR package (Guy et al., 2010) in R.

2.4.6 Analysis of the pathogenic core genome
Orthologous gene clusters constituting the core genome of 15 mycolic acid pathogenic
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species were isolated using a custom Perl script (Appendix Q, page 188). In order to
generate a prioritized list of potential drug candidates against these pathogens, microbial
gene clusters with human orthologues were identified and filtered out. Protein sequences
of the highly reduced and decayed genome of the human pathogen Mycobacterium
leprae TN (Cole et al., 2001), were selected as the representative mycolic acid pathogenic
proteome. These sequences were used as queries to search against the DrugBank database
(Knox et al., 2011), using BLAST software (Altschul et al., 1990). The DrugBank
database is a comprehensive chemoinformatics repository, that integrates drug
information, with detailed information about the drug targets, such as their structure and
molecular interactions. The aim was to identify drug targets in the database, that are
similar to identified core mycolic acid proteome. In order to ensure that only highly
similar candidates were selected, the BLAST Expected value (E-value) cutoff was set at
1.00E-004. For each putative drug candidate, the orthologous cluster identifier,
representative gene identifier, BLAST e-value, DrugBank identifier, the Enzyme
Commission (EC) number, KEGG pathway identifier and pathway name were tabulated.

Identified clusters of potential drug candidates, based on M. leprae TN proteome, were
classified into four categories, that is; i) pathway-associated enzyme-coding genes; ii)
ribosomal genes; iii) hypothetical genes and iv) genes with other functional annotations.
Clusters of putative drug candidates, which are involved with metabolic processes and
pathways, were investigated for Protein-Protein Interactions (PPI). The PPI data for the
representative M. leprae TN genome was downloaded from the online database resource,
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Search Tool for the Retrieval of Interacting Genes (STRING: Szklarczyk et al., 2011)).
STRING is a database that contains interactions between proteins, based on both
predictions and experimental validation. In addition, the data in this database is drawn
from both published literature and from high-throughput experiments. A custom Perl
script (Appendix T, page 200) was used to format the protein cluster data into nodes and
edges. Edge weights were based on the corresponding STRING PPI scores. Graph
reconstruction and analysis was performed using Gephi (Bastian et al., 2009), an opensource graph manipulation and visualization software. The Graph layout was set by
applying the Force Atlas algorithm and the average path length (Brandes, 2001). The
node sizes were determined through rank scores that were set based on the Betweeness
Centrality. For each node in a network, this measure equates to the total number of
shortest paths that run through that specific node. The higher the value of this measure,
the more connected is the node, which implies that the node has an important role within
the network. Colouring of

clusters, based on pathway type and edge-weight, was

implemented by community detection through the Louvain method (Lambiotte et al.,
2009).
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Chapter 3: A multi-gene phylogenetic analysis of mycolic acid bacteria
3.1 Research overview
The Rhodococcus genus is comprised of gram-positive, non-motile, non-sporulating and
aerobic mycolic acid bacteria. Their metabolic versatility highlights the important role
they play, more so in industrial applications. Although research is being undertaken on
the pathogenic strains of Rhodococcus, most of the attention, so far, has been focused on
the non-pathogenic strains. The industrial potential of these bacteria range from the
production of targeted compounds, such as acrylamide, to the degradation of recalcitrant
pollutants. These applications have been previously reviewed (Bell et al., 1998; Larkin et
al., 2005; Martínková et al., 2009) and (van der Geize & Dijkhuizen, 2004). However,
there still exists several unresolved problems regarding their systematics and
phylogenetic classification. Although it is widely accepted that there is a close
relationship between Rhodococcus and the genus Nocardia, there is no consensus as to
whether Nocardia exists as a monophyletic group within the branching of the
Rhodococcus taxon. In addition, previous studies have suggested that Rhodococcus could
contain as many as nine different sub-groups that may be independent novel genera.

This chapter examines the application of Multilocus Sequence Typing (MLST) in
resolving the phylogeny of the Rhodococcus and related actinomycetes. A total of seven
housekeeping genes, which are present and conserved in a total of 52 genomes, were
sequenced and applied in the phylogenetic reconstruction. These genes include 16S
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rRNA, rpoC, 30S rRNA, PNPase, secY, purL and pur.

3.2 Single-gene and multi-gene phylogenetic reconstruction
The inference of phylogenetic trees, from multiple-alignments, is based on the
assumption that for every aligned column there is a degree of homology or ancestry
shared by input sequences. In this analysis, the DNA sequences of 16S rRNA, rpoC, 30S
rRNA, PNPase, secY, purL and purF genes, from 52 mycolic acid species, were used to
infer phylogeny and reconstruct single-gene trees. Multiple sequence alignments were
performed using ClustalW software, with default settings. In order to ensure that the
output alignment could be analysed with a wide array of phylogeny inference tools, the
output format was sent to Phylip phylogeny inference package. Emphasis was placed on
the quality of the alignment as it has been demonstrated in a previous study that quality
plays a pivotal role in the final tree, than tree building algorithms (Wu & Eisen, 2008).
All the positions in the alignment which had gaps in 10% or more of the input sequence
were removed, unless trimming left less than 60% of the original sequence length. By
using this criterion, quality was guaranteed while at the same time ensuring that the
sequences retained their information content.

Multi-gene phylogenetic reconstruction proposes the generation of longer alignments,
through the concatenation of several individual alignments of house-keeping gene
sequences. To infer phylogeny from multiple genes, single-gene alignments were drawn
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from five protein-coding genes which are present and conserved across all the 52 species
analysed (see section 2.2.3). These genes include i) Polynucleotide phosphorylase
(PNPase), which is an exonuclease used in degradation of bacterial RNA (Shi et al.,
2008); ii) Preprotein translocase membrane subunit (secY), a bacterial trans-membrane
protein that is involved in protein translocation (Park & Rapoport, 2011); iii)
Phosphoribosylformyl-glycineamide synthetase (purL), which is involved in bacterial
purine biosynthesis (Ruisheng & Grewal, 2011); iv) Amidophosphoribosyltransferase
(purF), which is also involved in purine biosynthesis in bacteria (Keer et al., 2001) and v)
Beta prime subunit of RNA polymerase (rpoc), which is involved in transcription
initiation in bacteria (Darst 2001). A concatenation of the individual gene alignments
yielded a longer alignment, which was used to infer the phylogeny. Phylip (Felsenstein
2005) was used for phylogeny inference using the Neighbor-joining method of Saitou and
Nei (1987), and a bootstrap resampling value of 500. Based on the topology of the
unrooted trees, the species Saccharopolyspora erythraea, was selected as the out-group,
since it was close to the Rhodococcus and Nocardia in-groups, without being part of
them. Furthermore, it was the only representative member of the Saccharopolyspora
genus. Figure 4, on page 61, illustrates the tree that was inferred from the16S rRNA,
while figures 5 and 6 on pages 62 and 63, illustrate the trees that were inferred from the
multi-gene and the 30S rRNA, respectively. A comparative analysis of the tree topology
and bootstrap support values, was performed for the multi-gene tree with respect to the
trees inferred from 16S rRNA and 30S rRNA genes.
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Figure 4: 16S rRNA phylogenetic reconstruction.
A tree that was reconstruction using the 16S rRNA gene. Phylogeny was estimated using the
Neighbor-joining method. Bootstrap analysis was performed using 500 replicates. The tree
was rooted by S. erythraea.
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Figure 5: A multi-gene phylogenetic tree.
A tree that was reconstructed from five concatenated genes. Phylogeny was inferred using the
Neighbor-joining method. Bootstrap support was calculated using 500 replicates. The tree was
rooted by S. erythraea species
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Figure 6: 30S rRNA phylogenetic reconstruction.
A phylogenetic tree that was reconstructed using the 30S rRNA gene. Phylogeny was
estimated using the Neighbor-joining method. Bootstrap analysis was performed using 500
replicates and the tree was rooted by S. erythraea species.
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3.3 The Rhodococcus and Nocardia genera
The aim of the study was to assess the discriminatory power of the multi-gene, the 16S
rRNA and the 30S rRNA genes, in resolving the Rhodococcus and the Nocardia mycolic
acid bacterial species classification. The 16S rRNA phylogenetic reconstruction failed to
clearly delineate the Rhodococcus and the Nocardia clusters. It showed that Nocardia
was a group within Rhodococcus, with a bootstrap value of 102 for the
Rhodococcus/Nocardia group. On the other hand, both the multi-gene and the 30S rRNA
reconstructions clearly indicated that Nocardia is a monophyletic group that stems from
the Rhodococcus taxon, with bootstrap values of 331 and 351, respectively. The multigene phylogeny assigned a strong bootstrap value of 500, for the distinct Rhodococcus
cluster.
The discriminatory power of the multi-gene phylogenetic reconstruction, was
demonstrated by its ability to delineate, not only the Rhodococcus and the Nocardia, but
also all the other 11 genera involved in this study. For example, it could delineate the
Salinispora, Streptomyces and the Mycobacteria, into genus-specific clusters with a
strong bootstrap support value of 500 for each. The results show that the length of the
sequence used in phylogenetic inference has a potential role in phylogenetic resolution,
and that longer sequences could possibly yield more defined phylogenies. This was a
motivating factor in the development of a computational protocol that simulates DNADNA hybridisation, and uses whole-genome sequence data to delineate bacterial species.
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Chapter 4: In silico DNA-DNA hybridisation

4.1 Research overview
This chapter focuses on the development and testing of a computational framework that
simulates the molecular technique of DNA-DNA hybridisation. There hasn't been any
widely accepted concept of species within the prokaryotes, except assignments that are
based on phenotype or genomic similarity measures (Gevers et al., 2005). However,
current advances in DNA sequencing technologies have led to an exponential growth in
the number of microbial genomes being sequenced, assembled and published. To further
understand these genomes, proper characterization and taxonomic classification is
urgently required. Currently, available molecular techniques such as 16S rRNA
sequencing and DNA-DNA hybridisation, which have traditionally been relied upon for
systematics, are labour intensive, slow and expensive. However, DNA-DNA
hybridisation can be simulated computationally, hence taking advantage of the available
computational power for quick and reliable results.

Perl was used to develop a computational framework that simulates DNA-DNA
hybridisation, and is able to cluster together phylogenetically related bacterial genomes
based on their DNA sequence similarity. DNA sequences, in the form of scaffolds or fully
assembled genomes, are aligned using MUMmer, from which a similarity matrix is
generated based on the computed percentage level of synteny. Clustering the indices of
this matrix using a hierarchical clustering algorithm in R, estimates genomic relatedness
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of the input sequences. Results are presented in the form of a cluster dendrogram and a
heat map, for visual interpretation and analysis. The utility of this program has been
evaluated using 24 mycolic acid bacteria genomes, three of which exist as unfinished
scaffolds. An independent 16S rRNA phylogenetic reconstruction of the same genomes
shows that the in silico hybridisation tool can be used as a rapid and scalable alternative
to 16S rRNA sequencing for bacterial classification. Due to the ubiquity of web browsers
and their cross-platform compatibility with all the major operating systems, web
applications provide an ideal and convenient mode of sharing analytical tools across the
globe. Other advantages include easier scalability and the ability for users to collaborate
on a large scale. Towards this goal, the in silico DNA-DNA hybridisation protocol has
been deployed as a web application, and can be access at http://www.xyz. The web
technology employed include HTML, PHP and JavaScript.

4.2 Mycolic acid bacteria genomes
A total of 24 bacterial species were selected to represent all the main mycolic acid
actinomycetes'

genera,

Corynebacterium,

whose

Dietzia,

sequence

Gordonia,

data

was

Mycobacterium,

available.
Nocardia,

These

include

Rhodococcus,

Tsukamurella and Segniparus. A total of 15 of these species are pathogens while the rest
are non-pathogens. Of the 24 bacteria species, ten have plasmids. PubMed accession
identifiers for the published genomes have been provided (Table 1, page 67).

Table 1: Mycolic acid bacterial genomes.
Genome information for the 24 mycolic acid actinonomycetes, that were used in the development of a genome-based computational framework for
phylogenetic classification.
Species

Pathogenicity

Genera

RefSeq Acc

Size (nt)

GC % Number
of
plasmids

PubMed ID

Corynebacterium aurimucosum ATCC 700975

Pathogen

Corynebacterium

NC_012590

2790189

60

1

20137072

Corynebacterium diphtheriae NCTC 13129

Pathogen

Corynebacterium

NC_002935

2488635

53

0

14602910

Corynebacterium efficiens YS-314

Non-pathogen Corynebacterium

NC_004369

3147090

63

2

12148616

Corynebacterium glutamicum R

Non-pathogen Corynebacterium

NC_009342

3314179

54

1

17379713

Corynebacterium glutamicum ATCC 13032 Non-pathogen Corynebacterium
(kitasato)

NC_003450

3309401

53

0

12743753

Corynebacterium jeikeium K411

Pathogen

Corynebacterium

NC_007164

2462499

61

1

15968079

Corynebacterium urealyticum DSM 7109

Pathogen

Corynebacterium

NC_010545

2369219

64

0

18367281

Dietzia cinnamea P4

Pathogen

Dietzia

AEKG01000365

3555295

71

0

21901521

Gordonia bronchialis DSM 43247

Pathogen

Gordonia

NC_013441

5208602

67

0

21304674

Gordonia neofelifaecis NRRL B-59395

Non-pathogen Gordonia

NZ_AEUD01000000

4257286

69

0

21742880

Mycobacterium bovis AF2122/97

Pathogen

Mycobacterium

NC_002945

4345492

65

0

12788972

Mycobacterium bovis BCG str. Pasteur 1173P2 Pathogen

Mycobacterium

NC_008769

4374522

65

0

17372194

Mycobacterium leprae TN

Pathogen

Mycobacterium

NC_002677

3268203

57

0

11234002

Mycobacterium marinum M

Pathogen

Mycobacterium

NC_010612

6636827

65

1

18403782

Mycobacterium smegmatis str. MC2 155

Non-pathogen Mycobacterium

NC_008596

6988209

67

0

22752905

67

Mycobacterium tuberculosis H37Rv

Pathogen

Mycobacterium

NC_000962

4411532

65

0

9634230

Nocardia farcinica IFM 10152

Pathogen

Nocardia

NC_006361

6021225

70

2

15466710

Rhodococcus erythropolis PR4

Non-pathogen Rhodococcus

NC_012490

6516310

62

3

17316581

Rhodococcus equi 103S

Pathogen

NC_014659

5043170

68

0

20941392

Rhodococcus erythropolis SK121

Non-pathogen Rhodococcus

NZ_ACNO00000000

6785398

62

0

Rhodococcus jostii (strain RHA1)

Non-pathogen Rhodococcus

NC_008268

7804765

67

3

17030794

Rhodococcus opacus (strain B4)

Non-pathogen Rhodococcus

NC_012522

7913450

67

5

16233805

Segniliparus rotundus DSM 44985

Pathogen

Segniliparus

NC_014168

3157527

66

0

21304703

Tsukamurella paurometabola DSM 20162

Pathogen

Tsukamurella

NC_014158

4379918

68

1

21886861

Rhodococcus

68
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4.3 Computing genome-to-genome similarity
The NUCmer package of MUMmer version 3.0 software was used to compare genomes
against each other, and tabulate the percentage length of the query genome that matched
with the reference sequence. This was done at different DNA similarity thresholds
between the query and the reference, and include 100%, 90%, 80% and 70% thresholds.
The derived values were tabulated to generate a similarity matrices, which were
subsequently used to determine clusters, based on a hierarchical algorithm. Two species
which are not closely related exhibit a low similarity, for example, Corynebacterium
aurimucosum and Gordonia bronchialis have a score of 0.0365150891. However, closely
related species such as Cornebacterium aurimucosum and Corynebacterium diptheriae,
both of which belong to the same genera, exhibit a higher similarity score of
0.0786237061. The similarity between a species and itself was expressed as a score of
one. Since this software has been developed into a web application, a user-friendly
interface allows users to select a similarity threshold, which ultimately determines the
scores used in the computation of a similarity matrix. Appendix B, on page 152,
demonstrates a sample matrix generated by comparing 12 mycolic acid bacterial genomes
against each other, with a similarity threshold set at 80%. The genomes highlighted in the
appendix include Corynebacterium aurimucosum ATCC 700975, Corynebacterium
diphtheriae_NCTC_13129,
glutamicum_ATCC
jeikeium_K411,

13032,

Corynebacterium
Corynebacterium

Corynebacterium

efficiens_YS_314,

Corynebacterium

glutamicum_R,

Corynebacterium

kroppenstedtii_DSM

44385,

Corynebacterium

urealyticum_DS_7109, Dietzia cinnamea_p4, Gordonia bronchialis_DSM

43247,
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Gordonia

neofelifaecis_NRLB_59395,

Mycobacterium

bovis

AF2122/97

and

Mycobacterium bovis BCG str. Pasteur 1173P2.

The choice of the MUMmer algorithm, in computing the genome similarity and the
subsequent similarity matrix, was based on the fact that it performs a Maximal Unique
Match (MUM) comparison of any given two genomes, at a very high resolution. Global
alignments of the candidate sequences are built around the MUMs. Since the similarities
are calculated at the genomic level, MUMmer can compare very large DNA sequences of
up to millions of nucleotides in length, and generate complete base-to-base alignments.
This is analogous to the molecular technique of DNA-DNA hybridisation. In addition to
highlighting the exact matching bases between genomes, MUMmer is able to locate
Single Nucleotide Polymorphisms (SNPs), tandem repeats, inversions as well as large
insertions and deletions.

4.4 Genome clustering and analysis
Hierarchical clustering of the genomes is based on seven agglomerative methods, which
are available through the open-source pvclust package in R. These methods include
average, ward, single, complete, mcquitty, median and centroid (Suzuki & Shimodaira,
2006). In addition, three distance measures are also available through the same R package
and they include correlation, uncentered and abscor (Suzuki & Shimodaira, 2006). The
objective of the clustering algorithm is to aggregate related sequences by computing
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individual elements in the starting data matrix into a unified data structure. This structure
is often represented as a dendrogram.

Starting with a set of n genomes, a similarity matrix is generated from the scores of all
pairs-wise while-genome alignments. The algorithm scans this similarity matrix
iteratively with the aim of identifying the highest score, which represents the most similar
pair of genomes. The two high scoring genomes are then joined to form a single node,
while this process is repeated n-1 times until only a single genome is left. The pvclust
package uses a technique known as multiscale bootstrap re-sampling (Suzuki &
Shimodaira, 2006) to compute the p-values for each cluster, starting with an n× p
matrix, where n is the number of observations of

p objects to be clustered. The data

matrix can be expressed as, X ={x ij }, where i is the i'th observation of the objects, and
j is the sample of j'th object. Therefore, the correlation distance measure can be
expressed as
n

∑  xij− xj  x ik − xk 
1−

i=1

∑
n

∑

,

n

 x ij − xj 

2

i=1

 x ik − xk 

2

i =1

for dissimilarity between the j'th and the k'th object, where
n

xj =

1
∑ x and
n i =1 ij

n

xk =

1
∑x .
n i =1 ik
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The uncentered distance measure can be expressed as 1−
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The validation of the resulting clusters yielded two bootstrap probability values. The
Approximately Unbiased (AU) value and Bootstrap Probability (BP) value. The AU,
which is calculated using multiscale resampling, is considered a better estimation in
assessing the clusters, than the BP which is calculated using a normal bootstrap
resampling (Suzuki and Shimodaira 2006). The bootstrap values are displayed, as
percentage scores (%), on the edges of the clusters and have a range of values from zero
to 100. To distinguish between these two measures, AU values are marked in red colour
while the BP values are marked in green colour. In this analysis, the null hypothesis states
that clusters don't exist. Therefore, during the results interpretations, AU values that are
greater than 0.95 lead to the rejection of this hypothesis with a significance level of 0.05.

Figure 7, on page 75, illustrates the phylogeny that was inferred from the whole genome
DNA sequences of 24 mycolic acid bacteria, using the average agglomerative method
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and a correlation distance measure (Suzuki and Shimodaira, 2006). Based on the AU
values, these genomes form three distinct and statistically significant clusters, with
members of the Mycobacterium and Corynebacterium genera aggregating to form distinct
genera-based clusters. The third cluster is composed of three sub-clusters, and consists of
species drawn from six different genera, that is, Nocardia, Rhodococcus, Segniliparus,
Gordonia, Dietzia and Tsukamurella. In a previous study that was aimed at understanding
the classification of the Rhodococcus and Nocardia genera, Rainey et al (1995) analysed
32 strains from the Nocardia and Rhodococcus genera. Based on a bootstrap support
value of 71%, that separated the Nocardia from the Rhodococcus cluster, they observed
that Nocardia may not be a group within the Rhodococcus taxon, as had previous been
thought, but rather forms an independent monophyletic group. The results of the in silico
DNA-DNA hybridization are in agreement with the observations of Rainey et al (1995),
as it has clearly demonstrated that Nocardia farcinica IFM 10152 radiates from the
Rhodococcus cluster with a bootstrap support value of 93%. The stronger bootstrap value
obtained by the computational method, compared to that of Rainey, goes on to
demonstrate that the application of whole-genome data in delineating bacterial species
may indeed be a better alternative than the 16S rRNA phylogenetic inference.

Using the Lattice package (Sarkar, 2008) in R, the clustered genomes could be visualized
as a heat map (Figure 8, page 76). The Lattice package is an implementation of the Trellis
graphics package (Becker et al., 2012), that facilitates the representation of a data matrix
as colours, based on similarities. Dark tiles represent a lower level of similarity between
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any two genomes, while bright red tiles represent higher levels of similarity. The same
pattern of similarity clustering of bacterial species can be observed, as with the
dendrogram. Both of these visual presentations of the results demonstrate the reliability
of the genome-based in silico DNA-DNA hybridisation, for the classification of bacterial
genomes.
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Figure 7: Cluster dendrogram
A dendrogram illustration of the 24 mycolic acid genome clusters. The bootstrap
value was set at 1000. The numbers in red are the AU values and those in green are
the BP values. The Corynebacterium and Mycobacterium genera form two distinct
clusters, which are statistically significant, as supported by the AU values. The
whole genome dendrogram accurately portrays the relationships within the
Mycobacterium genus. The pathogenic Tb complex (M. tuberculosis, M. bovis,
BCG, M. marium) is clearly separated from the pathogen M. leprae and saprophyte
M. smegmatis.
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Figure 8: Similarity heat map
A similarity heat map for 24 mycolic acid genomes. The colour code indicates
relative similarity with the intensity ranging from red, which signifies a high degree
of similarity, to black which depicts least similarity between any pair of genomes. In
this analysis, three big clusters were observed, and they belong to Corynebacterium
(bottom-left), Mycobacterium (middle) and Rhodococcus (top-right).
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4.5 Development of a web-application for DNA hybridisation
PHP, HTML and JavaScript were used to develop a user interface of the in silico DNA
hybridisation software. Comparative analysis of the genomes, in order to compute their
similarity matrix was performed using NUCmer, through a Perl wrapper. R scripts that
utilized the pvclust and lattice packages were used for clustering the genome similarity
matrix, as well as the subsequent visualization of phylogeny in through a dendrogram and
heat map. Figure 9 illustrates the user-friendly interface, that was developed to ensure a
convenient application of the software, for phylogenetic analysis of different microbial
species. The interface has three sections for stetting analytical parameters. The first
section facilitates the uploading of FASTA formatted genome files, either as complete
chromosomes, or in form of assembled scaffolds. In addition, users can upload their
genomes of interest directly from the GenBank or RefSeq databases by uploading the
corresponding GenBank or RefSeq accession identifiers. The second section of the
interface allows users to select a similarity threshold, that is passed onto MUMmer
algorithm. This enables calculation of the size of a query genome, that is identical to a
given reference genome, and the subsequent generation of a distance matrix. The
available similarity threshold, expressed as percentage values are 70, 80 and 90. The last
section of the interface, allows for the selection of an agglomerative distance as well as a
distance measure. The bootstrap value has been preset at 1000 replicates. These
parameters are used as input into the hierarchical clustering algorithm, which is
performed through the pvclust in package R. The Lattice package plots the genome heat
map.
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Figure 9: Web user interface
A screen shot of the web user interface for the in silico DNA-DNA hybridisation software. The
application has three main areas namely; a data upload section, a selection box for sequence
similarity threshold and lastly an option to chose the hierarchical clustering parameters, that is,
an agglomerative method and a distance measure. The bootstrap value is preset at 1000.
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4.6 Ribosomal RNA (rRNA)-based phylogeny
Phylogenetic trees were inferred using the 5S, 16S and the 23S rRNA genes, from 24
mycolic acid bacterial genomes (Table 3, page 82). The nucleotide composition of
ribosomal RNA (rRNA) molecules in bacteria and archaeal differs significantly from
each other, as well as those from eukaryotic organisms. This implies that the divergence
of bacterial and archaeal lineage occurred from a common ancestor before the
development of eukaryotic cells. In addition, it forms a solid base in the study and
understanding of the evolutionary patterns observed in these organisms. The genomes
were downloaded from the RefSeq database (see section 2.3.1), and are representative
type strains that cut across seven genera which include Rhodococcus, Mycobacterium,
Corynebacterium, Gordonia, Dietzia, Tsukamurella and Segniliparus. Each of the
analyzed genomes had all the rRNA genes, except Rhodococcus erythropolis SK121
which lacked the 23S rRNA and Rhodococcus erythropolis SK121, which lacked both
the 23S rRNA and the 5SrRNA. The average length of each of these three genes was
calculated as highlighted in Table 2, on page 81.

The 5S, 16S and 23S rRNA phylogenetic reconstructions were performed independently.
However, the same tools and methodology was used. Based on the alignment, the
evolutionary distance was estimated using the p-distance model in MEGA5 software. The
model is used to compute a distance matrix, which is the proportion (p) of DNA bases at
which two sequences being compared show differences. Using the generated distance
matrix, phylogenetic trees as well as the corresponding branch lengths were inferred
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using the neighbour-joining method. In this method, the nearest Operational Taxonomic
Units (OTUs), which have the same node connecting them, are designated as neighbours,
and this process is repeated recursively until all the neighbours have been paired together.

4.7 A comparison of the 5S, 16S and 23S rRNA phylogeny
Since the morphology and phenotypic characteristics of microbial organisms are often
ambiguous, the gene sequences of the rRNA operon have been reliably utilized in
previous studies for microbial systematics and classification (Woo et al., 2003).
Compared to the average size of the 16S and 23S rRNA molecules (Table 2, page 81), the
5S rRNA gene is relatively small, although it is still highly conserved across closely
related prokaryotes. However, this scales down its phylogenetically informative positions
significantly, which as a result, reduces its power in resolving taxonomic relationships.
This can clearly be seen in Figure 10 (page 83) where the DNA sequences of the 5S
rRNA gene were used to reconstruct the mycolic acid phylogeny. Although
Mycobacterium and Corynebacterium genera form distinct clusters, phylogenetic
relationships between all the analysed sequences has not been fully resolved.

The 23S and the 16S rRNA, with average lengths of 2998 and 1501 nucleotides
respectively, are relatively large in size (Table 2, page 81) compared to the 5S rRNA
molecule. As seen in figures 11 and 12 (page 84 and 85), phylogenetic trees that were
reconstructed using these two genes have an almost identical topology. However, the 16S
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molecule is preferred over the information rich 23S molecule, as it is relatively smaller in
size, and hence faster to sequence and analyse. The phylogenies that were derived from
the 16S and 23S rRNA genes, clustered Corynebacterium and Mycobacterium as two
distinct clusters, with differences arising only in the classification of Rhodococcus.
Whereas the 16S phylogeny showed that Nocardia farcinica IFM 10152 is more closely
related Rhodococcus than Segniliparus rotundus DSM 44985, the 23S rRNA
reconstruction showed that Segniliparus rotundus DSM 44985 is more closely related to
the Rhodococcus than Nocardia farcinica IFM 10152. At the time that the gene
sequences were downloaded from the RefSeq database, there were no annotated 23S
rRNA genes for Gordonia neofelifaecis NRRL B-59395 and Rhodococcus erythropolis
SK121.

Table 2: Average size of rRNA sequences
The average length of the mycolic acid bacterial rRNA sequences used in the phylogenetic
reconstruction. The values are similar to those of rRNA genes in other bacteria.

Ribosomal RNA Molecule

Number of Sequences

Average Size

5S rRNA

24

118

16S rRNA

25

1501

23S rRNA

23

2998
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Table 3: Ribosomal RNA operons used in phylogenetic reconstruction
The ribosomal RNA operons available for the 24 mycolic acid genomes, that were used in this
study. The two highlighted genomes lacked the complete set of 5S, 16S and 23S gene
sequences.

Species

Available rRNA Molecules

Corynebacterium aurimucosum ATCC 700975

5S, 16S, 23S

Corynebacterium diphtheriae NCTC 13129

5S, 16S, 23S

Corynebacterium efficiens YS-314

5S, 16S, 23S

Corynebacterium glutamicum R

5S, 16S, 23S

Corynebacterium
(kitasato)

glutamicum

ATCC

13032 5S, 16S, 23S

Corynebacterium jeikeium K411

5S, 16S, 23S

Corynebacterium urealyticum DSM 7109

5S, 16S, 23S

Dietzia cinnamea P4

5S, 16S, 23S

Gordonia bronchialis DSM 43247

5S, 16S, 23S

Gordonia neofelifaecis NRRL B-59395

16S

Mycobacterium bovis AF2122/97

5S, 16S, 23S

Mycobacterium bovis BCG str. Pasteur 1173P2

5S, 16S, 23S

Mycobacterium leprae TN

5S, 16S, 23S

Mycobacterium marinum M

5S, 16S, 23S

Mycobacterium smegmatis str. MC2 155

5S, 16S, 23S

Mycobacterium tuberculosis H37Rv

5S, 16S, 23S

Nocardia farcinica IFM 10152

5S, 16S, 23S

Rhodococcus erythropolis PR4

5S, 16S, 23S

Rhodococcus equi 103S

5S, 16S, 23S

Rhodococcus erythropolis SK121

5S, 16S

Rhodococcus jostii (strain RHA1)

5S, 16S, 23S

Rhodococcus opacus (strain B4)

5S, 16S, 23S

Segniliparus rotundus DSM 44985

5S, 16S, 23S

Tsukamurella paurometabola DSM 20162

5S, 16S, 23S
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Figure 10: 5S rRNA phylogeny.
The evolutionary history was inferred using the Neighbor-Joining method, and the
bootstrap consensus tree inferred from 1000 replicates. The analysis involved 23
mycolic acid genomic sequences with a total of 108 nucleotide positions in the final
dataset.
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Figure 11: 16S rRNA phylogeny.
The evolutionary history was inferred using the Neighbor-Joining method, and the
bootstrap consensus tree inferred from 1000 replicates. The analysis involved 24 mycolic
acid genomic sequences with a total of 1227 nucleotide positions in the final dataset.
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Figure 12: 23S rRNA phylogeny.
The evolutionary history was inferred using the Neighbor-Joining method, and the bootstrap
consensus tree inferred from 1000 replicates. The analysis involved 22 mycolic acid genomic
sequences with a total of 587 nucleotide positions in the final dataset.
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4.8 A comparison of the rRNA and in silico DNA hybridization phylogeny
In this analysis, an in silico DNA-DNA hybridisation was implemented and applied in the
phylogenetic classification of 24 mycolic acid bacterial genomes. Before a comparative
analysis of this technique with the commonly used rRNA phylogenetic reconstruction
could be performed, validation of the resulting clusters was assessed at three levels; 1) a
positive control was implemented during the development of the simulation algorithm, by
ensuring that DNA sequences from the same species hybridised with a 100% similarity
score. This is the same type of positive control that is employed in the molecular
technique of DNA-DNA hybridisation (Madigan et al., 2012); 2) by using multiscale
bootstrap resampling to validate the resulting clusters, an external validation technique
that has been recommended by Handl et al (2008); 3) by using an external measure, that
is, the well characterized pathogenic TB complex (M. tuberculosis and M. bovis, BCG),
which clearly separated from the pathogen M. leprae and the saprophyte M. smegmatis in
the tree topology. The pathogen TB complex has previously been characterised using
molecular DNA-DNA hybridisation as well as multiple-locus enzyme electrophoresis
(Van Soolingen et al., 1997).

A common problem that is usually associated with single-gene phylogenies, is that the
evolutionary history of any given gene may differ significantly from the evolutionary
history of the entire genome (Henz et al., 2005) or may not reflect speciation events
arising from other gene(s) in the genome. This makes a phylogenetic system that is based
on the analysis of the whole genome more likely to yield robust results.
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Examining the example of the mycolic acid bacteria, the topologies of the 16S rRNA
phylogenetic tree (Figure 11, page 84) and the dendrogram generated by the wholegenome in silico DNA hybridisation (Figure 7, page 75) are nearly identical. This
demonstrates that the in silico hybridisation software could be used as a rapid and
scalable alternative to 16S rRNA sequencing, for bacterial classification.

The total

number of nucleotides shared by a set of genomes depend on their evolutionary distance,
hence the level of synteny observed between a group of bacterial species can be used to
classify them, phylogenetically. In addition, this method taps into the rich information
content that contained in the entire genome of an organism.
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Chapter 5: Defining the minimal mycolic acid bacterial genome
5.1 Research overview
The minimal genome approach to genomics aims to reconstruct a functional,
independent cell, using the least number of genetic components (Mushegian 1999). The
derivation of a minimal genome, and the subsequent interrogation of its structural
features, is a critical step in developing a better comprehension of cellular functions. In
addition, it has a wide range of possible practical applications (Juhas et al ., 2011). Using
the genome sequences of 24 mycolic acid bacteria, 15 of which are pathogens, this work
involves the identification and the analysis of 690 orthologous gene clusters, that
constitute a putative core mycolic acid minimal genome. Based on these predicted
clusters, comparative genome analysis, across both pathogens and non-pathogenic
species, was performed in terms of genome size, gene count, as well as the size and
distribution of operons. This enables the characterization of functional differences
between these pathogenic and non-pathogenic classes of mycolic acid bacteria, which
could ultimately explain the differences in their lifestyle and evolutionary patterns.

Moreover, the statistical enrichment of operons and annotated pathways, as well as the
identification and prioritization of potential drug candidates were performed. Although
published literature confirms the usage of some of these drug candidates, for example the
50S ribosomal protein is a target for the drug Clindamycin (Kohanski et al., 2010),
experimental validation is needed for the rest. Given that mycolic acid bacterial play an
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important role in industrial biotechnology as well as human health, the identification and
characterization of the core mycolic acid bacterial genome is of both fundamental and
applied scientific interest.

5.2 Genome size and structure
The genome sizes (defined here as the size of the chromosome) of the 24 analysed
microbial species, (see section 4.2), ranged from 2,369,219 base pairs, in
Corynebacterium urealyticum DSM 7109, to 7,913,450 base pairs in Rhodococcus
opacus (strain B4). The average genome size was 4.61 mega base pairs (Mbs). Overall,
comparative analysis of genome size distribution demonstrated that, with an average
genome size of 4.03 Mbs, pathogenic mycolic acid bacteria are relatively smaller than
non-pathogens, which had an average size of 5.56 Mbs (Figure 13, page 90). The small
size of pathogenic microbial genomes, which subsequently leads to a smaller number of
protein-coding genes, can be attributed to their parasitic lifestyle. Free-living bacteria
require elaborate metabolic pathways for uptake and assimilation of different carbon
sources from the environment. This is in contrast to pathogens, which depend on the host
for their nutrient requirements, and hence have significantly reduced and decayed
genomes (Moran, 2002; Yukawa et al., 2007). Gene reduction and decay has been studied
in the evolution of Mycobacterium leprae (Cole et al., 2001) and Corynebacterium
diphtheriae (Nishio et al., 2004) .
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Figure 13: Mycolic acid genome size distribution
A box-plot highlighting the genome size distribution between the pathogenic and nonpathogenic mycolic acid genomes. Pathogens exhibit a lower average genome size compared
to the free-living non-pathogens.
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The structure of a bacterial genome may adopt either a linear or a circular topology in a
case by case basis. For example, some Streptomycetes have linear chromosomes and
other members of this genus have circular chromosomes (Inoue et al., 2003). Based on
the distribution of circular and linear chromosome structures, it has been hypothesized
that circular chromosomes have been sporadically linearized, during the evolution of
prokaryotes. Linearization of circular chromosomes may have significant roles during
various DNA processes, such as conjugation, transposition and the termination of
replication (Volff & Altenbuchner, 2000). Of the 24 studied mycolic acid bacteria, 19
possess a circular chromosome. Rhodococcus jostii (strain RHA1) and Rhodococcus
opacus (strain B4) adopt a linear chromosome topology while Dietzia cinnamea P4,
Gordonia neofelifaecis NRRL B-59395 and Rhodococcus erythropolis SK121 exist as
linear unfinished scaffolds.

In addition to the chromosomal DNA, some bacteria contain one or more plasmids. Of
the 24 mycolic acids bacteria analysed, 10 encode at least one plasmid. These include
Corynebacterium aurimucosum ATCC 700975, Corynebacterium efficiens YS-314,
Corynebacterium glutamicum R, Corynebacterium jeikeium K411, Mycobacterium
marinum M, Nocardia farcinica IFM 10152, Rhodococcus erythropolis PR4,
Rhodococcus jostii (strain RHA1), Rhodococcus opacus (strain B4), and Tsukamurella
paurometabola DSM 20162. Both pathogens and non-pathogens carry plasmids that
express genes needed to exploit or survive under certain environmental conditions. The
pET44827 plasmid of the human pathogen C. aurimucosum encodes a putative
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transcriptional regulator that shares 53% similarity to the global virulence factors
regulator, PecS (Trost et al., 2010). On the other hand, the plasmids of the free-living
bacterium, R. jostii (strain RHA1), encode genes that are involved in the transformation
of polychlorinated biphenyls (McLeod et al., 2006). Because plasmids are mobile genetic
elements they may be acquired by horizontal transfer or may be lost. Therefore these
elements of the total genome will not be considered in a minimal genome even though for
some pathogens, plasmid encoded genes are required (C. diphtheriae tox gene is plasmid
encoded).

5.3 Identification of the core genome
Essential genes constitute a set of indispensable genes, and encode for key functions that
are needed for the survival of an organism. Due to their importance, they constitute the
minimal genome, and are highly conserved in closely related organisms (Zhang & Lin,
2009). Using a comparative genomics approach, the putative mycolic acid minimal
genome was estimated, in this study, though identification of highly conserved genes
across 24 pathogenic and non-pathogenic genomes. A total of 690 gene clusters were
obtained, 24 of which do not contain any paralogous genes. This shows that, as it has
been demonstrated with other bacteria (Serres et al., 2009), the predicted mycolic acid
orthologous clusters were likely to have occurred through an evolutionary process, that
was mediated by gene duplication. The most duplicated genome in this analysis was that
of the free-living bacterium Rhodococcus jostii (strain RHA1), with a total of 81
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duplicated genes. On the other hand, the least duplicated genome was that of the human
pathogen Corynebacterium diphtheriae NCTC 13129, which has a only of 5 duplicated
genes. Gevers et al. (2004) has previously demonstrated a correlation between the
number of paralogues and genome size. In addition, gene duplication is an integral
evolutionary step towards diversity in the metabolic versatility of an organism, as has
been demonstrated in Rhodococcus jostii (strain RHA1).

For each of the analysed genomes, figure 14 (page 94) illustrates the proportion of the
core genes with respect to the rest of the genome. The location of these core genes, when
mapped onto the circular genome of M leprae TN are illustrated on figure 15 (page 95),
with respect to other genomic features.
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Figure 14: A Comparison of conserved to non-conserved genes.
A graphical illustration of the ration between the conserved and non-conserved genes in 24
mycolic acid genomes. The presence of plasmid genes has been taken into account.
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Figure 15: A circular genome map of the M. leprae TN.
From the outer ring: 1) All the genes, with the red marks highlighting the location of
core genes; 2) The GC-content expressed as a percentage ( % ) 3) The GC-skew.
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5.4 Calculating pathway enrichment in the core genome
Using Fisher's exact test, metabolic pathways that were statistically overrepresented in
the core genome, in a significant manner, were determined and tabulated as shown in
appendix H, on page 161. This analysis was carried out for each of the 22 mycolic acid
bacterial genomes, whose KEGG pathway annotations were available. Pathway
enrichment analysis is a key protocol that is employed in genomics, in order to establish a
link between different classes of genes, to specific and well-characterized pathways or
subsystems (Mao et al., 2011). Fisher's test is a preferential statistical significance test in
pathway analysis, as it can be applied to both big and small data-sets.

Table 4 shows the design of a 2X2 contingency table, that was used to test the enrichment
of the Purine metabolism pathway in Rhodococcus opacus B4. Since Fisher's exact test
needs the contingency table to be ordered using a criterion that measures dependence, the
two main partitions were the core and the variable genome. Under these classes, the count
of genes which are annotated with a given pathway were calculated, as well as those that
are not annotated with that specific pathway. Due to the multiple pathway comparisons
involved, the obtained p-values were corrected using the Bonferroni correction for
multiplicity. A corrected statistical p-value of 0.05 was taken as the threshold cut-off for
significantly enriched pathways. Out of 74 unique KEGG pathway annotations, which
are associated with the Rhodococcus opacus B4 genome, table 5 highlights 14 pathways
that are significantly enriched in the core genome of this bacterium. A pathway is
considered as enriched by a set of genes, if there is a statistically significant overlap of
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that pathway by genes, in a manner that could not have happened randomly.

Table 4: Pathway enrichment contingency table.
The design of contingency table to calculate enrichment of the Purine Metabolism pathway in
Rhodococcus opacus B4. The pathway was found to be statistically enriched in the core genome
with a corrected p-value of 1.80E-014.

Core genome Variable genome
Genes associated with pathway

Total

31

34

65

Genes not associated with pathway

696

7436

8132

Total

727

7470

8197

Table 5: Pathway enrichment in R. opacus core.
Pathways which were statistically enriched in the core mycolic acid bacterial genome. Both the
corrected and the uncorrected p-values are indicated.

KEGG
Pathway ID

Pathway name

P-value

Corrected
p-value

00230

Purine metabolism

8.24E-016

6.10E-014

00970

Aminoacyl-tRNA biosynthesis

4.47E-015

3.31E-013

00240

Pyrimidine metabolism

3.39E-010

2.51E-008

00790

Folate biosynthesis

4.89E-008

3.62E-006

00550

Peptidoglycan biosynthesis

6.93E-008

5.13E-006

00290

Valine, leucine and isoleucine biosynthesis

1.84E-006

1.36E-004

00190

Oxidative phosphorylation

1.02E-005

7.56E-004

00340

Histidine metabolism

1.88E-005

1.39E-003

00900

Terpenoid backbone biosynthesis

4.07E-005

3.01E-003

00400

Phenylalanine, tyrosine and tryptophan
biosynthesis

5.86E-005

4.33E-003

00250

Alanine, aspartate and glutamate

2.39E-004

1.77E-002
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metabolism
00730

hiamine metabolism

3.38E-004

2.50E-002

00770

Pantothenate and CoA biosynthesis

3.50E-004

2.59E-002

00710

Carbon fixation in photosynthetic
organisms

6.17E-004

4.56E-002

All the unique pathways that were significantly enriched in the core of all the 22 genomes
were aggregated in table 6. For each pathway, the total count of genomes showing
significant enrichment, were computed and used to rank the pathways.

Table 6: Significantly enriched pathways.
Unique pathways that were found to be significantly enriched in the predicted core genome of 22
mycolic acid bacterial genomes.

KEGG Pathway
ID

Pathway Name

Genome Count

00230

Purine metabolism

21

00970

Aminoacyl-tRNA biosynthesis

20

00240

Pyrimidine metabolism

17

00400

Phenylalanine, tyrosine and tryptophan
biosynthesis

15

00860

Porphyrin and chlorophyll metabolism

13

00550

Peptidoglycan biosynthesis

12

00290

Valine, leucine and isoleucine biosynthesis

11

00900

Terpenoid backbone biosynthesis

9

00250

Alanine, aspartate and glutamate metabolism

8

00770

Pantothenate and CoA biosynthesis

7

00330

Arginine and proline metabolism

7

00010

Glycolysis / Gluconeogenesis

7

00340

Histidine metabolism

6
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00030

Pentose phosphate pathway

6

00730

Thiamine metabolism

4

00260

Glycine, serine and threonine metabolism

4

00790

Folate biosynthesis

3

00740

Riboflavin metabolism

3

00190

Oxidative phosphorylation

3

00520

Amino sugar and nucleotide sugar metabolism

2

00710

Carbon fixation in photosynthetic organisms

1

00195

Photosynthesis

1

00020

Citrate cycle (TCA cycle)

1

The tabulated results show conservation and enrichment of critical functions that are
essential for the survival of mycolic acid bacterial species. These include the absorption
and assimilation of amino acids, vitamins and nucleotides, through pathways as Purine
metabolism,

Pyrimidine

metabolism,

Phenylalanine,

tyrosine

and

tryptophan

biosynthesis, Valine, leucine and isoleucine biosynthesis, Alanine, aspartate and
glutamate metabolism, Arginine and proline metabolism, Histidine metabolism, Thiamine
metabolism, and Glycine, serine and threonine metabolism. In addition, there are
enriched pathways that are involved in the maintenance of bacterial structural integrity,
for example, Peptidoglycan biosynthesis. The aminoacyl-tRNA biosynthesis pathway,
which was found to be enriched in the core genome of 20 species, is fundamental in
protein synthesis, through the provision of key substrates that enhance the ribosomal
translation of messenger RNA. This pathway involves the ubiquitous enzyme, aminoacyltRNA synthetase (AARS), in an ATP-dependent activation of amino acids, which is
followed by their attachment onto transfer RNA molecules (Ibba & Söll, 2001; Ibba &
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Dieter, 2000).

Out of the 22 genomes analysed, 12 had the Peptidoglycan biosynthesis pathway
enriched in their core proteome. This pathway involves a detailed and complex process
that runs through several cytoplasmic and membrane-confined steps (Appendix I, page
165). Peptidoglycan is a hetero-polymer that is made up of long glycan chains that are
interlinked with short peptides, and constitutes a major component of the mycolic acid
bacterial cell wall (Bouhss et al., 2008). To ensure cell survival, peptidoglycan ensures
cell integrity by withstanding the extreme internal osmotic pressure, and is believed to be
involved in cell division (van Heijenoort, 2001). None of the mycolic acid bacteria are
capable of photosynthesis, therefore the KEGG annotations

Carbon fixation in

photosynthetic organisms and Photosynthesis correlate to metabolic genes involved in
carbon flux.

5.5 Analysis of operons
A statistically positive correlation was established between the mycolic acid bacterial
genome sizes, and the number of predicted operons. This was performed for both the
pathogens and the non-pathogens, and yielded p-values of 0.0001646 and 0.0005384,
respectively. The obtained Pearson-correlation values were 0.88, with 10 degrees of
freedom for the pathogenic class, and 0.98, with four degrees of freedom for the nonpathogens. A total of 12 pathogens and six non-pathogen genomes were used in the
analysis. Figure 16 shows a scatter-plot for the correlation test, whereby pathogens are
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highlighted in red while non-pathogens are highlighted in blue colour. A line of the best
fit was computed and fitted for both sets of data-points.

Figure 16: Correlation between genome size and operon count.
A scatterplot of the correlation test between the number of operons and the size
of mycolic acid bacterial genomes. Positive correlation was found for both the
pathogens, indicated in red, and the non-pathogens which are indicated in blue.
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The obtained results were in agreement with a previous study by Ermolaeva et al. (2001),
who had found that a positive correlation exists between the number of operons and the
corresponding genome sizes, with smaller genomes exhibiting a higher ratio of predicted
operons per gene. A comparison of the obtained p-values for both pathogens and nonpathogens demonstrate a more statistically significant correlation between the predicted
operons and the genome sizes of the pathogens. Many bacterial genes are organized into
operons which are co-transcribed together to form a single polycistronic messenger RNA
molecule. Therefore, the aggregation of genes into operons enhances their ability to
function together in similar or related biosynthetic pathways.

The operon structure used in this analysis were retrieved from the ProOpDB (Taboada et
al., 2012), which predicts operons based how the STRING database (Szklarczyk et al.,
2011) defines functional relationships and intergenic distances between the products of
contiguous genes. In the development of an operon prediction algorithm, these two
parameters were used to train a neural network, that could predict experimentally verified
operons in Bacillus subtilis and Escherichia coli with high accuracies of 93.3 and
94.6%, respectively (Taboada et al., 2010). A comparison of the average operon size, in
both mycolic acid pathogens and non-pathogens (Table 7) did not yield any notable
differences.
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Table 7: Number of operons and average operon size
A summary of the total number of operons and the average operon size for 18 mycolic acids
genomes.
Species

Total
operons

Average
operon size

Genome
size

Species type

Corynebacterium efficiens YS-314

655

2.95

3147090 non-pathogen

Corynebacterium glutamicum R

637

2.98

3314179 non-pathogen

Mycobacterium smegmatis str. MC2 155

1400

3.07

6988209 non-pathogen

Rhodococcus erythropolis PR4

1300

3.04

6785398 non-pathogen

Rhodococcus jostii (strain RHA1)

1809

2.99

7804765 non-pathogen

Rhodococcus opacus (strain B4)

1674

3.04

7913450 non-pathogen

Mycobacterium smegmatis str. MC2 155

1071

2.89

6636827 non-pathogen

Corynebacterium aurimucosum ATCC 700975

548

3.02

2790189 pathogen

Corynebacterium jeikeium K411

442

3.03

2462499 pathogen

Corynebacterium urealyticum DSM 7109

411

2.89

2369219 pathogen

Gordonia bronchialis DSM 43247

998

2.80

5208602 pathogen

Mycobacterium bovis AF2122/97

838

2.89

4345492 pathogen

Mycobacterium bovis BCG str. Pasteur 1173P2

848

2.90

4374522 pathogen

Mycobacterium leprae TN

284

2.96

3268203 pathogen

Mycobacterium tuberculosis H37Rv

854

2.90

4411532 pathogen

Rhodococcus equi 103S

956

2.89

5043170 pathogen

Segniliparus rotundus DSM 44985

679

3.05

3157527 pathogen

Tsukamurella paurometabola DSM 20162

980

3.03

4379918 pathogen

A Chi-squared analysis showed that there is a statistically significant association of the
predicted operons with the predicted core genome of mycolic acid bacteria. The evidence
of core genes aggregating into operons establishes its status as a putative minimal
genomes with an efficient regulatory network that is mediated through co-transcription of
genes. Table 8 shows the development of the contingency table that was used in the
analysis of the Corynebacterium aurimucosum genome. The contingency table was
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partitioned into two columns, for both the core and the variable genome. Under each of
these two categories, the total number of operon genes, as well as non-operon genes,
were computed and tabulated. The p-values for the Chi-squared test were automatically
corrected using Yates' continuity correction, and the p-value statistical significance
threshold was set at 0.05. Table 9 shows the summarized results for the analysis involving
16 genomes. For all the analysed species, there was a statistically significant association
of predicted operons with the predicted core genome.

Table 8: Contingency table for core operon enrichment.
Reconstruction of the contingency table for Chi-squared analysis of predicted operons in mycolic
acid bacteria.

Core Genome
No

Yes

Total

Operon genes

1114

515

1629

Non operon genes

733

189

922

Total

1847

704

2551

Table 9: Association of operons with core and variable genome
A Chi-squared test results highlighting the statistical association of operons with the core genome
in mycolic acid bacteria. Statistically significant association was found in all the analysed
genomes.

Species

Mycobacterium leprae TN

Operonassociated
core genes
457

OperonCorrected
associated
chi-squared
variable genes p-values
369

4.22E-021
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Rhodococcus jostii (strain RHA1)

567

4813

9.05E-018

Mycobacterium bovis AF2122/97

532

1862

2.25E-014

Corynebacterium glutamicum R

512

1363

8.43E-014

Mycobacterium bovis BCG str. Pasteur
1173P2

545

1890

1.38E-013

Corynebacterium urealyticum DSM
7109

483

691

2.01E-012

Mycobacterium smegmatis str. MC2 155

546

3734

1.24E-011

Mycobacterium tuberculosis H37Rv

519

1912

2.35E-011

Rhodococcus erythropolis PR4

527

3407

1.06E-010

Rhodococcus opacus (strain B4)

551

4520

2.14E-010

Corynebacterium aurimucosum ATCC
700975

515

1114

2.13E-009

Corynebacterium efficiens YS-314

511

1387

2.19E-009

Corynebacterium jeikeium K411

496

825

1.10E-008

Gordonia bronchialis DSM 43247

500

2218

1.12E-008

Tsukamurella paurometabola DSM
20162

549

2396

6.47E-006

Segniliparus rotundus DSM 44985

511

1545

5.96E-003

5.6 Cross-genera comparison of pathogens and non-pathogens
A comparative analysis of the pathogen and non-pathogen genomes, across different
mycolic acid bacterial genera, was able to identify conserved genomics sequences. The
four genomes share a total of 1,164 orthologous clusters and they include Tsukamurella
paurometabola DSM 20162, Mycobacterium tuberculosis H37Rv, Corynebacterium
glutamicum R and Rhodococcus jostii RHA1. While the first two species are human
pathogens, the last two are free-living soil bacteria. Using a venn diagram, the number of
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shared and unique clusters has been illustrated (Figure 17, page 107). In addition, genes
which were found to be unique in each genome were identified and analysed for KEGG
pathway annotations. The results showed that only two exhibited unique pathway
annotations. These are Rhodococcus jostii RHA1, with 27 pathways and Mycobacterium
tuberculosis H37Rv with 13 pathways. Information regarding these pathways has been
detailed in tables 10 and 11 on page 108 and 109, respectively. The functional role of the
variable genome could be used to explain how these species have evolved to colonize and
thrive under different niches, despite their high genetic similarity. The lack of unique
pathway annotation in the genomes of Tsukamurella paurometabola DSM 20162 and
Corynebacterium glutamicum R could be attributed to differences in the genome
annotation and curation in the RefSeq database.

Complete genome sequences of these four bacteria were aligned and all the Locally
Collinear Blocks LCBs were identified, and used to visualize the conservation of the
orthologous gene sequence (Figure 18, page 110). This plot, which was generated using
the Mauve guide-tree, enables the visualization of sequence conservation across all the
four genomes analysed.
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Figure 17: Comparing protein-coding CDS across different genera
A Venn diagram illustrating the conservation of protein-coding genes across four mycolic
acid species.

108
Table 10: Unique KEGG pathways in R. jostii RHA1
Annotation of unique KEGG pathways, identified in a comparative analysis of R. jostii RHA1
with four other mycolic acid bacteria.

Pathway ID

KEGG Pathway Annotation

00902 Monoterpenoid biosynthesis
00670 One carbon pool by folate
00460 Cyanoamino acid metabolism
00310 Lysine degradation
00521 Streptomycin biosynthesis
00920 Sulfur metabolism
00471 D-Glutamine and D-glutamate metabolism
00901 Indole alkaloid biosynthesis
00621 Biphenyl degradation
00450 Selenoamino acid metabolism
00660 C5-Branched dibasic acid metabolism
00982 Drug metabolism - cytochrome P450
00625 Tetrachloroethene degradation
01057 Biosynthesis of type II polyketide products
00363 Bisphenol A degradation
00629 Carbazole degradation
00628 Fluorene degradation
00965 Betalain biosynthesis
00195 Photosynthesis
00072 Synthesis and degradation of ketone bodies
00791 Atrazine degradation
00100 Steroid biosynthesis
00904 Diterpenoid biosynthesis
00350 Tyrosine metabolism
00633 Trinitrotoluene degradation
00312 beta-Lactam resistance
00622 Toluene and xylene degradation
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Table 11: Unique KEGG pathways in M. tuberculosis H37Rv
Annotation of unique KEGG pathways, identified in a comparative analysis of M. tuberculosis
H37Rv with four other mycolic acid bacteria.

Pathway ID KEGG Pathway Annotation
00641 3-Chloroacrylic acid degradation
00983 Drug metabolism - other enzymes
00512 O-Glycan biosynthesis
00402 Benzoxazinoid biosynthesis
00364 Fluorobenzoate degradation
00351 1,1,1-Trichloro-2,2-bis(4-chlorophenyl)ethane (DDT)
degradation
00591 Linoleic acid metabolism
00642 Ethylbenzene degradation
00565 Ether lipid metabolism
00941 Flavonoid biosynthesis
00052 Galactose metabolism
00604 Glycosphingolipid biosynthesis - ganglio series
00600 Sphingolipid metabolism
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Genome-wide map of Locally Collinear Blocks

Figure 18: Synteny across four mycolic acid species.
Comparative genome visualization of four mycolic acid bacterial genomes,
cutting across four different genera. The Locally Collinear Blocks (LCBs) show
large genomic inversions between M. tuberculosis and T. paulometabora, as well
as small inversion in T. paulometabola and C. glutamicum with respect to R.
jostii. LCBs and the guide-tree were generated using ProgressiveMauve and
plotted in R.

111
5.7 Prioritizing potential antimicrobial drug targets
Infections associated with drug-resistant bacteria, such as tuberculosis, are becoming
increasingly prevalent (Migliori et al., 2010). In addition, this problem has been
exacerbated by the limit number of new antibiotics that have been introduced in recent
years (Kohanski, Dwyer, & Collins, 2010) (S. H. Gillespie, 2002). Due to the lethality of
critical genes' disruption in an organism (Zhang & Lin, 2009), the core genome of 15
pathogenic mycolic acid bacteria was investigated for potential broad-spectrum drug
candidates. These bacteria shared a total of 720 orthologous gene clusters, and they
include Corynebacterium aurimucosum ATCC 700975, Corynebacterium jeikeium K411,
Corynebacterium urealyticum DSM 7109, Corynebacterium diphtheriae NCTC 13129,
Dietzia cinnamea P4, Gordonia bronchialis DSM 43247, Mycobacterium bovis
AF2122/97, Mycobacterium bovis BCG str. Pasteur 1173P2, Mycobacterium leprae TN,
Mycobacterium tuberculosis H37Rv, Mycobacterium marinum M, Nocardia farcinica
IFM 10152, Rhodococcus equi 103S, Segniliparus rotundus DSM 44985 and
Tsukamurella paurometabola DSM 20162.

From the initial 720 clusters, 241 contained microbial genes which have human
orthologs. These were eliminated, resulting in a total of 479 gene clusters for further
investigation. The decayed genome of Mycobacterium leprae TN (Cole et al., 2001) was
used as a representative species, and its core protein sequences were searched against the
DrugBank database (Knox et al., 2011), using BLASTP. A total of 483 protein sequences,
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which represent 479 mycolic acid clusters, were retrieved. The difference in the number
of clusters and the number of proteins sequence is

because the clusters 'myco35',

'myco39' and 'myco104' contains predicted paralogous genes of M. leprae TN. The Blast
search, against protein sequences with known drug targets contained in the DrugBank
database, was performed with a cutoff e-value of 1.0E-05.

Based on the BLAST cut off e-value of 1.0E-05, a total of 175 orthologous clusters of
pathogenic mycolic acid genomes were identified as potential drug candidates, since they
are highly conserved across all the 15 genomes. The chemical activity of these potential
targets can be modified by a total of 306 unique drugs which are currently contained in
the DrugBank database (Knox et al., 2011). The target clusters were classified using their
gene annotations. This resulted in 72 clusters of enzyme-coding genes, which are
associated with 31 unique KEGG pathways, 11 clusters of ribosomal genes, 10 clusters of
hypothetical proteins and 82 clusters containing other gene annotations. These clusters
were associated with 154, 12, 16 and 124 potential drugs, respectively. In total, out of the
potential 306 drug, 34 have the Food and Drug Administration (FDA) approval for
human treatment and have been tabulated in Appendix G, on page 158.

Information regarding all the potential drug candidate clusters and their representative M.
leprae TN genes have been outlined in Tables 12, 13 & 14 (Page 115 & 119), for all the
predicted categories. Specific information regarding the potential drugs have been
tabulated in appendices J, K, L and M, on pages 166, 171, 172 and 173, respectively.
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Putative drug candidates that were associated with metabolic pathways were mapped
onto a Protein-Protein Interactions (PPI) network and further ranked using the
Betweeness centrality metric. The PPI data of the representative M. leprae TN genome
was used. During the graph reconstruction, edge weights were based on the
corresponding STRING PPI scores (Szklarczyk et al., 2011), and the layout was generated
using the Force Atlas algorithm. Figure 19 illustrates a prioritization of these enzymecoding drug candidates based on the PPI data. Out of 72 input clusters, the figure also
highlights the top 10 ranked clusters based on the Betweeness centrality metric.
Colouring of the clusters was implemented using a community detection approach with
the colours representing different pathways, for example, blue for the peptidoglycan
biosynthesis, purple for the pyrimidine metabolism and green for the Phenylalanine,
Tyrosine and Tryptophan biosynthesis. The distributions scores, from the PPI network
graph have been listed in appendix N, on page 177, and they include distribution plots for
size, betweeness centrality, closeness centrality and eccentricity (Bastian et al., 2009).

ML0516: myco999
ML1209: myco689
ML1150: myco788
ML1271: myco727
ML0883: myco753
ML0078: myco605
ML0792: myco489
ML0249: myco882
ML0518: myco1000
ML0535: myco1005

Figure 19: Mycobacterium leprae TN enzymatic drug targets on a PPI network.
A network showing the Protein-protein interactions of 75 enzymatic gene targets from the M. leprae TN genome. The genes
represent 72 orthologous clusters of metabolic genes conserved across 15 mycolic acid genomes. Based on the betweeness
centrality algorithm, the table on the right shows a ranking of the top 10 genes and their corresponding cluster IDs. Colour code has
been explained in the main text.

114

115
Table 12: Potential drug candidates involved with metabolic processes.
Information for mycolic acid gene clusters containing putative drug candidates, which are
associated with metabolic pathways.
Cluster
ID
myco396
myco496
myco841
myco917

M. leprae
gene
ML0925
ML1731
ML2324
ML0375

myco800 ML2263
myco849 ML0224

myco852 ML0230

myco726 ML1272
myco803 ML2414
myco882 ML0249
myco788 ML1150

myco660 ML0772
myco1150 ML1938
myco778 ML1484
myco855 ML2205

KEGG
DrugBank
EC
pathway
Pathway name
ID
number
ID
0.00E+000 DB04272 6.3.1.2
330 Arginine and proline metabolism
0.00E+000 DB04272 1.17.4.1
240 Pyrimidine metabolism
0.00E+000 DB04074 2.3.3.13
620 Pyruvate metabolism
1.28E-178 DB00260 5.1.1.1
473 D-Alanine metabolism
DB01992,D
Ubiquinone and other terpenoid2.51E-168 B03059
4.1.3.36
130 quinone biosynthesis
6.24E-159 DB00250 2.5.1.15
790 Folate biosynthesis
DB01930,D
B02596,DB
02694,DB0
4.43E-118 3107
6.3.2.1
770 Pantothenate and CoA biosynthesis
DB03171,D
B04143,DB
07732,DB0
7745,DB07
748,DB077
73,DB0789
0,DB07894
,DB07925,
DB07951,D
B07952,DB
Glycine, serine and threonine
5.70E-116 07953
4.2.1.20
260 metabolism
DB02054,D
Porphyrin and chlorophyll
1.58E-101 B02142
5.4.3.8
860 metabolism
Amino sugar and nucleotide sugar
3.41E-092 DB03397 2.7.7.23
520 metabolism
Amino sugar and nucleotide sugar
3.96E-090 DB03397 2.5.1.7
520 metabolism
DB01643,D
B02452,DB
03280,DB0
3666,DB03
846,DB041
60,DB0448
2.68E-086 5
2.7.4.9
240 Pyrimidine metabolism
DB01785,D
1.55E-084 B04714
1.17.1.2
900 Terpenoid backbone biosynthesis
DB03108,D
1.78E-084 B04496
5.3.1.6
30 Pentose phosphate pathway
DB00642,D
B02236,DB
2.54E-077 03546
6.3.3.1
230 Purine metabolism
BLAST
e-value
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myco303 ML2703
myco951 ML1678

2.7.1.71
6.3.2.8
2.7.7.6

D-Glutamine and D-glutamate
471 metabolism
240 Pyrimidine metabolism

1.1.1.26
7

900 Terpenoid backbone biosynthesis

2.5.1.9
2.7.6.3

740 Riboflavin metabolism
790 Folate biosynthesis

1.1.1.23

340 Histidine metabolism

6.3.5.5

240 Pyrimidine metabolism

2.7.2.8
4.1.2.13

330 Arginine and proline metabolism
10 Glycolysis / Gluconeogenesis

6.3.2.13
2.1.2.11

myco300 ML1696

5.70E-073 DB03431
DB01673,D
B03909,DB
4.74E-072 04395
2.02E-066 DB00615
DB02496,D
B02948,DB
03649,DB0
1.53E-063 4272
DB01692,D
B02135,DB
02184,DB0
2290,DB02
693,DB027
11,DB0302
2,DB03812
,DB03973,
1.84E-063 DB08016
1.68E-062 DB00233
DB01907,D
B03811,DB
04077,DB0
2.48E-062 4447
DB00128,D
3.18E-062 B03459
DB03431,D
2.03E-061 B04075
1.61E-060 DB03026
DB02314,D
B03590,DB
2.05E-059 03801
1.47E-058 DB04074
DB01987,D
3.67E-056 B03147

240 Pyrimidine metabolism
550 Peptidoglycan biosynthesis
Phenylalanine, tyrosine and
400 tryptophan biosynthesis
Phenylalanine, tyrosine and
400 tryptophan biosynthesis

myco899 ML1172
myco1071 ML0322

2.13E-055 DB02343
1.28E-051 DB04714

myco742 ML0914

5.1.1.3
4.6.1.12
2.4.1.22
7

550 Peptidoglycan biosynthesis
770 Pantothenate and CoA biosynthesis
C5-Branched dibasic acid
660 metabolism
D-Glutamine and D-glutamate
471 metabolism
900 Terpenoid backbone biosynthesis

1.75E-048 DB02196
DB03754,D
4.44E-048 B03775
2.8.1.6
8.32E-048 DB00151 6.1.1.16
7.16E-044 DB00173,D 2.4.2.21
B01688,DB
01726,DB0
2030,DB02
163,DB023

myco999 ML0516
myco678 ML0517
myco741 ML0915
myco914 ML1957

myco1168 ML1583

myco1011 ML0560
myco1123 ML0226

myco733 ML1257
myco1005 ML0535
myco717 ML1408
myco1138 ML0286
myco746 ML0909
myco761 ML1635

myco734 ML1220
myco422 ML1302
myco758 ML0868

2.97E-077 DB03147 1.8.1.9
3.50E-074 DB00260 6.3.2.4
DB03247,D
2.47E-073 B03350
4.2.3.5

2.2.1.6

550 Peptidoglycan biosynthesis
780 Biotin metabolism
970 Aminoacyl-tRNA biosynthesis
860 Porphyrin and chlorophyll
metabolism
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82,DB0259
1,DB02770
,DB02819,
DB02905,D
B02962,DB
03018,DB0
3079,DB03
177,DB031
80,DB0320
0,DB03255
,DB03887,
DB04052,D
B04120,DB
04130,DB0
4176,DB04
532,DB045
33
DB03171,D
1.85E-042 B04272
5.55E-042 DB02022
DB01907,D
1.06E-041 B02592
DB00128,D
3.22E-041 B03459
9.28E-041 DB03912

2.4.2.18

2.5.1.19

Phenylalanine, tyrosine and
400 tryptophan biosynthesis

myco732 ML1258
myco670 ML0210

3.70E-040 DB01632
DB01942,D
B03116,DB
04328,DB0
5.96E-040 4539
DB00128,D
5.35E-039 B03459
DB03147,D
6.83E-037 B07296
1.01E-036 DB04272
DB01813,D
B02142,DB
1.45E-036 03997
1.09E-033 DB02212

Glycine, serine and threonine
260 metabolism
730 Thiamine metabolism
Phenylalanine, tyrosine and
400 tryptophan biosynthesis
Alanine, aspartate and glutamate
250 metabolism
770 Pantothenate and CoA biosynthesis
Phenylalanine, tyrosine and
400 tryptophan biosynthesis

myco651 ML1454

3.07E-033 DB04099

2.7.7.18

myco727 ML1271
myco922 ML0735

2.71E-032 DB03543
7.26E-032 DB03431
DB00642,D
B02236,DB
6.28E-030 03546
9.60E-029 DB01673,D
B02314,DB
03431,DB0
3801,DB08

4.1.1.48
4.1.1.21

myco725 ML1273
myco159 ML0295
myco1000 ML0518
myco1003 ML0532
myco955 ML1663
myco753 ML0883

myco489 ML0792
myco1004 ML0533
myco810 ML2447
myco667 ML0736

myco874 ML0160
myco595 ML0912

4.2.1.20
2.7.4.7
4.2.3.4
2.1.3.2
2.7.7.3

3.5.2.3
1.1.1.15
8
4.1.1.21

240 Pyrimidine metabolism

2.6.1.9
3.6.1.1

350 Tyrosine metabolism
190 Oxidative phosphorylation
Nicotinate and nicotinamide
760 metabolism
Phenylalanine, tyrosine and
400 tryptophan biosynthesis
230 Purine metabolism

2.1.2.2
6.3.2.9

550 Peptidoglycan biosynthesis
230 Purine metabolism

670 One carbon pool by folate
471 D-Glutamine and D-glutamate
metabolism
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myco475 ML0002
myco1009 ML0558
myco707 ML1310
myco689 ML1209
myco605 ML0078
myco772 ML1464
myco894 ML1488
myco998 ML0515

105,DB081
06,DB0810
7,DB08108
,DB08112
1.59E-027 DB06998
1.72E-026 DB00140
9.29E-025 DB01661
DB00114,D
2.69E-024 B00133

2.7.7.7
2.5.1.9
2.4.2.17
4.3.1.19

4.62E-022 DB03884 4.2.1.51
8.59E-021 DB00142 2.7.2.11
DB02142,D
5.21E-019 B04299
2.6.1.17

240 Pyrimidine metabolism
740 Riboflavin metabolism
340 Histidine metabolism
Glycine, serine and threonine
260 metabolism
Phenylalanine, tyrosine and
400 tryptophan biosynthesis
330 Arginine and proline metabolism
300 Lysine biosynthesis
Phenylalanine, tyrosine and
400 tryptophan biosynthesis

3.10E-017 DB01907
DB01788,D
B02212,DB
02254,DB0
2885,DB03
145,DB034
16,DB0778
4.82E-017 2
DB03687,D
1.06E-016 B04395

1.1.1.25

6.2.1.26
1.2.1.11

Glycine, serine and threonine
260 metabolism

2.7.7.7

240 Pyrimidine metabolism

myco850 ML0225

2.71E-015 DB01672
DB03461,D
B03502,DB
8.82E-015 04498
DB02930,D
9.65E-014 B03431
DB01778,D
B01906,DB
02119,DB0
2489,DB03
231,DB035
71,DB0416
8,DB04400
,DB04425,
4.48E-013 DB06906

900 Terpenoid backbone biosynthesis
Ubiquinone and other terpenoid130 quinone biosynthesis

4.1.2.25

myco696 ML1685

2.35E-012 DB04351

4.2.1.33

myco432 ML0182
myco1018 ML0582
Myco201 ML0100

9.78E-012 DB02452
1.12E-008 DB01815
3.88E-006 DB08326

2.7.7.9
2.2.1.2
2.3.1.86

790 Folate biosynthesis
Valine, leucine and isoleucine
290 biosynthesis
Amino sugar and nucleotide sugar
520 metabolism
30 Pentose phosphate pathway
61 Fatty acid biosynthesis

myco815 ML0300
myco880 ML0242
myco598 ML2257
myco843 ML2322
myco846 ML0202

2.5.1.3
2.7.1.14
8

730 Thiamine metabolism
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Table 13: Potential drug candidates with ribosomal annotation.
Clusters of putative ribosomal drug candidates.
Cluster ID
myco903
myco913
myco901
myco900
myco906
myco902
myco795
myco905
myco816
myco652
myco770

M. leprae gene BLAST e-value DrugBank ID
ML1857
8.26E-058 DB08185
ML1958
8.51E-044 DB08185
ML1859
2.77E-034 DB08185
ML1864
1.22E-031 DB00698
ML1845
7.06E-030 DB08185
ML1858
1.03E-025 DB00199,DB00207,DB01369
DB00778,DB01190,DB01211
ML1896
3.84E-016 ,DB01369,DB01627
ML1854
1.17E-015 DB08185
ML2685
5.01E-010 DB08185
ML1847
3.15E-006 DB02494,DB07374,DB08437
ML0604
3.63E-006 DB08185

Gene annotation
30S ribosomal protein S3
30S ribosomal protein S4
30S ribosomal protein S19
30S ribosomal protein S10
30S ribosomal protein S8
50S ribosomal protein L22
50S ribosomal protein L10
30S ribosomal protein S17
30S ribosomal protein S6
50S ribosomal protein L5
30S ribosomal protein S20

Table 14: Potential drug candidates with no annotations.
Clusters of potential drug candidates with hypothetical gene annotations.
Cluster ID
myco871
myco427
myco884
myco864
myco490
myco825

M. leprae gene BLAST e-value DrugBank ID
ML0151
7.54E-039 DB08650
ML2304
3.60E-032 DB02078
ML0258
1.28E-030 DB03382
ML0201
1.21E-024 DB02527
ML0791
5.31E-022 DB04315
ML0089
1.53E-010 DB04156
DB00131,DB01972,DB0216
myco1070 ML2237
8.34E-009 2,DB02183,DB03349
myco659 ML1391
1.73E-008 DB00143,DB03889
myco892 ML1497
1.02E-006 DB07365
myco856 ML2203
4.16E-006 DB03256,DB03760

Gene annotation
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
hypothetical protein
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Chapter 6: Conclusions and future directions
This dissertation has applied computational methods to identify and analysed a minimal
mycolic acid bacterial genome, based on a set of highly conserved genes and their
functional annotations. In addition, a comparative analysis of three different methods of
classifying mycolic acid bacteria phylogenetically, was performed. These methods
include Multilocus Sequence Typing, ribosomal RNA phylogeny and in silico DNA-DNA
hybridization.

6.1 Key research findings
All the key findings, guided by the five specific aims of the research, are as highlighted
below:

1. Multilocus Sequence Typing (MLST) was used to reconstruct the taxonomy of 52
mycolic acid bacterial species. The discriminatory power of this method, in
comparison to the commonly used 16S and 30S ribosomal RNA phylogeny, was
found to be higher in delineating the species.

2. A computational framework that simulates DNA-DNA hybridization molecular
technique, was developed and implemented as a scalable web application for the
rapid phylogenetic classification of bacterial genomes. The software offers a

121
range of distance measures and agglomerative methods for clustering wholegenome DNA sequences. In addition, statistical assessment of the resulting
clusters is performed through multiscale bootstrapping, which results into two pvalue measures. These are the Approximately Unbiased (AU) p-value and the
Bootstrap Probability (BP) value.

A comparison of this method with the

commonly applied ribosomal RNA phylogeny shows that it's a quick, cheap and
reliable alternative for microbial classification.

3. A minimal mycolic acid genome that consists of 690 protein-coding genes was
identified, based on orthologous and paralogous gene clusters that are conserved
across 24 mycolic acid bacterial genomes. In the analysis of this core gene-set,
pathway annotations which are statistically enriched in a significant manner were
identified using Fisher's exact test. Furthermore, a Chi-squared statistical analysis
confirmed that gene operons are significantly associated with the minimal
genome, compared to the variable genome.

4. A comparative analysis of two pathogenic and two non-pathogenic species, across
four different genera was performed, enabling the identification of shared
metabolic profiles, as well as species-specific pathways. This allows for
investigation into the factors that underlie successful colonization of different
niches by the mycolic acid bacteria.

122

5. By analysing the conservation of protein-coding genes across 15 pathogenic
mycolic acid bacterial species, a total of 175 potential broad-spectrum drug
candidates were identified. The activity of these genes can be modified by a total
of 306 chemical compounds, of which 34 have been approved by the Food and
Drug Administration (FDA).

6.2 Limitations
A limitation of this study is the lack of uniform genome annotation among the publicly
available microbial species. This results from independent sequencing, assembly and
annotation protocols, that are employed by various research groups, prior to the
announcement and submission of genomes. However, two measures were taken in order
to mitigate this factor and provide a high degree of uniformity that obviates biased
comparative analyses: 1) All microbial genomes were downloaded from the RefSeq
database, which curates non-redundant DNA sequences; 2) KEGG pathway annotations
for these reference sequences were downloaded from the PATRIC database, hence
ensuring uniform and non-redundant metabolic functional annotations.

6.3 Future directions
More research is needed for better understanding of regulation and control of gene
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expression within the proposed minimal genome. The pathway enrichment data shows
that it exhibits a high level of metabolic versatility, and could hence be used as a
blueprint in synthetic biology, for the industrial production of targeted compounds. With
regard to the identified potential drug candidates, there is a need for further investigations
and research, through the development of

high-throughput screening protocol and

experimental validation assays. The in silico DNA-DNA hybridisation software, which
was developed and applied in the systematic classification of mycolic acid bacterial
bacteria, could also be used for phylogenetic analysis and classification of other bacterial
species.
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APPENDICES
Appendix A: A list of 52 species used in MLST phylogenetic analysis
Species
Corynebacterium aurimucosum ATCC 700975
Corynebacterium glutamicum ATCC 13032
Corynebacterium kroppenstedtii DSM 44385
Corynebacterium lipophiloflavum DSM 44291
Dietzia maris
Gordonia amarae
Gordonia araii
Gordonia bronchialis DSM 43247
Gordonia hydrophobica
Gordonia terrae
Mycobacterium abscessus
Mycobacterium avium subsp. paratuberculosis str. K10
Mycobacterium leprae Br4923
Mycobacterium smegmatis
Mycobacterium tuberculosis H37Rv
Nocardia beijingensis
Nocardia devorans
Nocardia farcinica IFM 10152 DNA
Nocardia pseudovaccinii
Rhodococcus aetherivorans
Rhodococcus aetherivorans I24
Rhodococcus coprophilus
Rhodococcus corynebacterioides
R_equi_103S
Rhodococcus equi ATCC 33707
Rhodococcus erythropolis PR4
Rhodococcus erythropolis SK121
Rhodococcus globerulus
Rhodococcus jostii
Rhodococcus jostii RHA1
Rhodococcus kyotonensis
Rhodococcus maanshanensis
Rhodococcus opacus B4
Rhodococcus phenolicus
Rhodococcus pyridinivorans
Rhodococcus rhodnii
Rhodococcus rhodochrous
Rhodococcus ruber
Rhodococcus triatomae
Rhodococcus tukisamuensis

Species Abbreviation
C. aurimucosum
C. glutamicum
C. kroppenstedtii
C. lipophiloflavum
D. maris
G. amarae
G. araii
G. bronchialis
G. hydrophobica
G. terrae
M. abscessus
M. avium
M. leprae Br4923
M. smegmatis
M. tuberculosis H37Rv
N. beijingensis
N. devorans
N. farcinica IFM 10152
N. pseudovaccinii
R. aetherivorans
R. aetherivorans I24
R. coprophilus
R. corynebacterioides
R. equi 103S
R. equi ATCC 33707
R. erythropolis PR4
R. erythropolis SK121
R. globerulus
R. jostii
R. jostii RHA1
R. kyotonensis
R. maanshanensis
R. opacus B4
R. phenolicus
R. pyridinivorans
R. rhodnii
R. rhodochrous
R. ruber
R. triatomae
R. tukisamuensis

ACC. ID
CP001601.1
dbj|BA000036.3
CP001620.1
ACHJ01000075.1
43672
43392
44811
CP001802.1
44015
43249
CU458896.1
AE016958.1
FM211192.1
43756
AL123456.2
44636
44691
AP006618.1
43406
44752
I24
43347
20151
103S
ATCC33707
AP008957.1
SK121
43954
44719
CP000431.1
45159
44675
AP011115.1
44812
44555
43336
43241
43338
44892
44783
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Rhodococcus wratislaviensis
Rhodococcus zopfii
Salinispora arenicola
Streptomyces avermitilis MA-4680
Streptomyces coelicolor A3(2)
Saccharopolyspora erythraea NRRL 2338
Skermania piniformis
Segniliparus rotundus DSM 44985
Salinispora tropica CNB-440
Tsukamurella spumae
Tsukamurella strandjordii
Williamsia marianensis

R. wratislaviensis
R. zopfii
S. arenicola
S. avermitilis MA-4680
S. coelicolor A3(2)
S. erythraea
S. piniformis
S. rotundus
S. tropica
T. spumae
T. strandjordii
W. marianensis

44107
44108
NC_009953.1
BA000030.3
AL645882.2
NC_009142.1
43998
NC_014168.1
NC_009380.1
44113
44573
44944

Appendix B: Sample In silico DNA-DNA hybridisation distance matrix

ca
ca
cd
ce
cg
cgr
cj
cu
dc
gb
gn
mbaf
mbbc

1
0.0875443767
0.1100696199
0.0824218907
0.0789012905
0.1127557818
0.1164493447
0.0298031528
0.0196246517
0.0201581477
0.0121265900
0.0120582317

cd
ce
cg
cgr
cj
cu
dc
gb
gn
mbaf
mbbc
0.0786237061 0.1241593311 0.0970794452 0.0936377428 0.0994466683 0.0990241163 0.0379791476 0.0365150891 0.0306746246 0.0188349248 0.0188542783
1 0.1038565318 0.1166752055 0.1188836451 0.0766400055 0.0656219172 0.0216841763 0.0297412035 0.0198373807 0.0158460361 0.0157966114
0.0823824549
1 0.2258988462 0.2268057158 0.0905064679 0.1007940669 0.0606379227 0.0546860751 0.0430804330 0.0250799945 0.0251222558
0.0888522525 0.2166656309
1 0.9640674711 0.0620771022 0.0607120706 0.0239049590 0.0287969567 0.0201147955 0.0138851826 0.0139540282
0.0896514642 0.2155963815 0.9520095324
1 0.0610154129 0.0640300358 0.0230410005 0.0277027885 0.0200767671 0.0141000230 0.0142261477
0.0777356661 0.1157234988 0.0827188153 0.0821336374
1 0.3729455322 0.0600406335 0.0489539285 0.0480986997 0.0272065085 0.0273189959
0.0691324863 0.1338867365 0.0840821385 0.0894590158 0.3874711456
1 0.0698006389 0.0575210650 0.0534015640 0.0281586464 0.0284532582
0.0151683616 0.0536588384 0.0220527411 0.0214620728 0.0415720777 0.0464796873
1 0.0907370556 0.0973497277 0.0475448591 0.0483973904
0.0143088299 0.0331301950 0.0182308036 0.0177168461 0.0231647571 0.0262045363 0.0619304374
1 0.1592408097 0.0526166138 0.0527356477
0.0116536686 0.0319036588 0.0155897443 0.0157140018 0.0278466140 0.0297130613 0.0812862937 0.1948436163
1 0.0524989395 0.0528087613
0.0091290008 0.0182133577 0.0105391979 0.0108100533 0.0154415196 0.0152210613 0.0388391004 0.0630172602 0.0515966892
1 1.3148136045
0.0090400734 0.0181228943 0.0105213781 0.0108343266 0.0154023685 0.0152798409 0.0392728623 0.0627398834 0.0515548899 1.3009857991
1

Species Abbreviation

ca: Corynebacterium aurimucosum ATCC 700975
cg: Corynebacterium glutamicum ATCC 13032
cu: Corynebacterium urealyticum DS_7109
gb: Gordonia bronchialis DSM 43247
mbbc: Mycobacteium bovis BCG Pasteur 1173P2
cj: Corynebacterium jeikeium K411

cd: Corynebacterium diphtheriae NCTC 13129
cgr: Corynebacterium glutamicum R
dc: Dietzia cinnamea p4
gn: Gordonia neofelifaecis NRLB 59395
ce: Corynebacteirum efficiens YS 314
mbaf: Mycobacterium bovis AF2122 97
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Appendix C: 5S rRNA phylogeny distance
sr
tp

0.14
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0.109

0.057

resk

0.109

0.057

0

req

0.12

0.028
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rj

0.12

0.038

0.038

0.038

0.009

ro

0.12

0.038

0.038

0.038

0.009

0

gb

0.154

0.078

0.078

0.078

0.048

0.038

0.038

nf

0.164

0.057

0.058

0.058

0.048

0.058

0.058

0.1

mbaf

0.253

0.18

0.18

0.18

0.146

0.135

0.135

0.123

0.144

mbbc

0.253

0.18

0.18

0.18

0.146

0.135

0.135

0.123

0.144

mt

0.253

0.18

0.18

0.18

0.146

0.135

0.135

0.123

0.144

0

0

ms

0.267

0.181
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0.158
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0.145
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ml

0.218
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0.194

0.194

0.206

0.206

0.206

0.203

0.192

0.077

0.077

0.077

0.098

mm

0.228

0.205

0.158

0.158

0.17

0.17
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0.179

0.168

0.048

0.048

0.048

0.077

0.047

dc

0.165

0.068

0.068

0.068

0.038

0.048

0.048

0.09

0.038

0.101

0.101

0.101

0.101

0.168

0.123

cj

0.271

0.179

0.181

0.181

0.169

0.158

0.158

0.209

0.123

0.276

0.276

0.276

0.303

0.322

0.319

0.168

cu

0.27

0.179

0.181

0.181

0.169

0.158

0.158

0.208

0.123

0.275

0.275

0.275

0.301

0.321

0.317

0.167

0.019

cd

0.313

0.254

0.206

0.206

0.217

0.206

0.206

0.26

0.214

0.33

0.33

0.33

0.358

0.377

0.346

0.214

0.142

0.142

cg

0.328

0.242

0.219

0.219

0.206

0.217

0.217

0.273

0.192

0.275

0.275

0.275

0.29

0.322

0.293

0.157

0.167

0.191

0.155

cgr

0.328

0.242

0.219

0.219

0.206

0.217

0.217

0.273

0.192

0.275

0.275

0.275

0.29

0.322

0.293

0.157

0.167

0.191

0.155

0

ce

0.315

0.23

0.207

0.207

0.194

0.206

0.206

0.26

0.181

0.263

0.263

0.263

0.277

0.309

0.28

0.146

0.181

0.207

0.169

0.019

0.019

ca

0.27

0.191

0.202

0.202

0.168

0.157

0.157

0.207

0.166

0.221

0.221

0.221

0.246

0.288

0.261

0.122

0.197

0.196

0.249

0.149

0.149

0

0.136

Species Abbreviation

req:
sr:
nf:
re:
resk:
rj:
ro:
cgr:

Rhodococcus equi 103S
Segniliparus rotundus DSM 4498
Nocardia farcinica IFM 10152
Rhodococcus erythropolis PR4
Rhodococcus erythropolis SK121
Rhodococcus jostii RHA1
Rhodococcus opacus B4
Corynebacterium glutamicum R

dc:
tp:
gb:
ms:
mbaf:
mbbc:
mt:
ce:

Dietzia cinnamea P4
Tsukamurella paurometabola DSM 20162`
Gordonia bronchialis DSM 43247
Mycobacterium smegmatis str MC2 155
Mycobacterium bovis AF2122_97
Mycobacterium bovis BCG
Mycobacterium tuberculosis H37Rv
Corynebacterium efficiens YS-314
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mm:
ml:
cg:
cd:
cj:
cu:
ca:

Mycobacterium marinum M
Mycobacterium leprae TN
Corynebacterium glutamicum ATCC
Corynebacterium diphtheriae NCTC
Corynebacterium jeikeium K411
Corynebacterium urealyticum DSM 7109
Corynebacterium aurimucosum ATCC

Appendix D: 16S rRNA phylogeny distance
nf
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req
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resk
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tp

0.057

0.052
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0.053
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0.039
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0.07

mbaf
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0.075
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mbbc
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0.075

0.073
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0

0

mm
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0.037
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0.037

0.034

0.033

cd

0.097

0.09

0.09

0.09

0.089

0.086

0.081

0.106

0.079

0.089

0.089

0.089

0.086

0.094

0.098

0.091

0.092

0.05

0.055

0.042

0.044

0.043

0.051

0

0.055

Species Abbreviation

req: Rhodococcus equi 103S
sr: Segniliparus rotundus DSM_4498
nf: Nocardia farcinica IFM 10152
re: Rhodococcus erythropolis PR4
resk: Rhodococcus erythropolis SK121
rj: Rhodococcus jostii RHA1
ro: Rhodococcus opacus B4
cgr: Corynebacterium glutamicum R

dc: Dietzia cinnamea P4
tp: Tsukamurella paurometabola DSM 20162
gb: Gordonia bronchialis DSM 43247
gn: Gordonia neofelifaecis NRRL B
mbaf: Mycobacterium bovis AF2122 97
mbbc: Mycobacterium bovis BCG
mt: Mycobacterium tuberculosis H37Rv
ce: Corynebacterium efficiens YS 3
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mm: Mycobacterium marinum M
ml: Mycobacterium leprae TN
cg: Corynebacterium glutamicum ATCC 13032
ms: Mycobacterium smegmatis str MC
cj: Corynebacterium jeikeium K411
cu: Corynebacterium urealyticum DSM 7109
ca: Corynebacterium aurimucosum ATCC 700975
cd: Corynebacterium diphtheriae NCTC 13129

Appendix E: 23S rRNA phylogeny distance
rj
ro

0.003

re

0.035

0.033

0.05

0.053

sr

0.172

0.172

0.17

0.157

nf

0.079

0.079

0.094

0.096

0.203

gb

0.158

0.16

0.168

0.166

0.265

0.133

tp

0.125

0.129

0.135

0.128

0.22

0.121

0.14

mbaf

0.188

0.192

0.206

0.2

0.255

0.173

0.202

0.161

mbbc

0.188

0.192

0.206

0.2

0.255

0.173

0.202

0.161

mt

0.188

0.192

0.206

0.2

0.255

0.173

0.202

0.161

0

0

mm

0.191

0.195

0.205

0.196

0.264

0.169

0.187

0.165

0.037

0.037

0.037

ml

0.201

0.206

0.215

0.213

0.274

0.179

0.209

0.166

0.053

0.053

0.053

0.055

ms

0.166

0.166

0.175

0.176

0.237

0.141

0.154

0.149

0.115

0.115

0.115

0.102

0.121

dc

0.178

0.178

0.171

0.19

0.246

0.171

0.205

0.19

0.205

0.205

0.205

0.201

0.212

cj

0.27

0.27

0.266

0.256

0.311

0.258

0.267

0.261

0.246

0.246

0.246

0.254

0.241

0.24

0.246

cu

0.258

0.26

0.254

0.241

0.298

0.256

0.234

0.24

0.255

0.255

0.255

0.263

0.248

0.221

0.244

0.088

cd

0.25

0.255

0.26

0.239

0.296

0.256

0.231

0.23

0.23

0.23

0.23

0.236

0.226

0.216

0.228

0.128

0.104

ca

0.308

0.311

0.303

0.3

0.354

0.283

0.265

0.258

0.282

0.282

0.282

0.285

0.257

0.246

0.263

0.196

0.169

0.147

cg

0.248

0.251

0.24

0.225

0.322

0.263

0.254

0.236

0.258

0.258

0.258

0.261

0.251

0.246

0.264

0.222

0.186

0.189

0.214

cgr

0.253

0.256

0.245

0.229

0.319

0.26

0.254

0.245

0.263

0.263

0.263

0.266

0.256

0.248

0.261

0.224

0.188

0.191

0.212

0.007

ce

0.245

0.248

0.232

0.219

0.318

0.25

0.25

0.234

0.266

0.266

0.266

0.257

0.261

0.231

0.246

0.22

0.198

0.192

0.206

0.061

req

0.057

0

0.192

0.064

Species Abbreviation
req: Rhodococcus equi 103S
sr: Segniliparus rotundus DSM 4498
nf: Nocardia farcinica IFM 10152
re: Rhodococcus erythropolis PR4
mbaf: Mycobacterium bovis AF2122 97
rj: Rhodococcus jostii RHA1
ro: Rhodococcus opacus B4
cgr: Corynebacterium glutamicum R

dc: Dietzia cinnamea P4
tp: Tsukamurella paurometabola DSM 20162
gb: Gordonia bronchialis DSM 43247
ms: Mycobacterium smegmatis str MC2 155
cj: Corynebacterium jeikeium K411
mbbc: Mycobacterium bovis BCG
mt: Mycobacterium tuberculosis H37Rv
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mm: Mycobacterium marinum M
ml: Mycobacterium leprae TN
cg: Corynebacterium glutamicum ATCC 13032
ce: Corynebacterium efficiens YS-314
cd: Corynebacterium diphtheriae NCTC 13129
cu: Corynebacterium urealyticum DSM 7109
ca: Corynebacterium aurimucosum ATCC 700975

Appendix F: A list of software used in the research

Software

Rationale

Software Source URL
(03/12/2012)

R

As a robust statistical programming environment, R facilitates data formatting as well as the

http://www.r-project.org/

development of pipelines that can utilize its inbuilt statistical methods and visual representations.
Several packages, such as geneplotR, have been implemented in R for the analysis of genomics
data.
Perl

With several bioinformatics analytical methods having been implemented into open-source Bioperl http://www.perl.org/
modules, Perl provides access to these modules without having to rewrite them again.

PHP

This development language was used primarily because of its integration with the Hypertext

http://php.net/

Markup Language (HTML). It is also easy to use, and hence ensures quick prototyping and
development.
Pvclust
ClustalW
Phylip
TrimAl

Pvclust is an R implementation of multiscale multi-step bootstrap resampling. It was used in this

http://www.is.titech.ac.jp/~shimo/p

study to cluster and assess the validity of the in silico DNA hybridisation protocol.

rog/pvclust/

The command-line implementation of the ClustaW multiple sequence alignment software enables

http://www.ebi.ac.uk/Tools/msa/clu

the automation of sequence alignment through integration with Perl and Bash scripts.

stalw2/

The output of this program is compatible with several phylogenetic analytical software, and hence http://evolution.genetics.washingto
ensures flexibility in choosing programs for downstream analysis of the inferred phylogeny.

n.edu/phylip.html

This software performs an automated removal of poorly aligned segments from an input multiple

http://trimal.cgenomics.org/

alignment software.
MUMmer

The principle behind in silico DNA-DNA hybridisation is the computation of genome-to-genome
distance, based on the level of sequence similarity. MUMmer facilitates rapid alignment of
complete bacterial genome sequences.
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http://mummer.sourceforge.net/

Lattice

Lattice implements the heatmap visualization, and is available in the R statistical programing

http://cran.r-

environment, which was use to perform all the statistical analysis in the study.

project.org/web/packages/lattice/in
dex.html

OrthoMCL
BLAST

This is an implementation of Markov Clustering algorithm in identification of orthologous gene

http://www.orthomcl.org/cgi-

clusters based on BLAST similarity results.

bin/OrthoMclWeb.cgi

Basic Local Alignment Search Tool (BLAST) is a robust implementation of a heuristic algorithm

http://blast.ncbi.nlm.nih.gov/Blast.

for comparison of both protein and nucleotide sequences. In addition it performs a statistical

cgi

significance assessment of the resulting high-scoring sequence pairs.
Circos

Circos allows fine control in the formatting and visualization of genomics data in a circular layout. http://circos.ca/

VennDiagram

Found within the R statistical programming environment, VennDiagram enables the generation of

http://cran.r-

highly customizable Euler plots.

project.org/web/packages/VennDia
gram/index.html

progressiveMauve

This is the only software that computes Locally Collinear Blocks (LCBs), which were used to

http://gel.ahabs.wisc.edu/mauve/

extract and visualize the predicted core-genome.
GeneplotR
Gephi

This R package uses the results of progressiveMauve, as input, to plot sequence maps. This

http://genoplotr.r-forge.r-

facilitates the visualization of the highly conserved regions across multiple genomes.

project.org/

This is an intuitive, and hence easy to use software for exploratory data analysis and plotting

https://gephi.org/

graphs.
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Appendix G: List of FDA approved drugs in DrugBank
Drug ID

Generic Name

Chemical Formulae

Mechanism of Action

DB00250

Dapsone

C12H12N2O2S

An anti-mycobacterial drug that inhibits the synthesis of dihydrofolic acid.

DB00615

Rifabutin

C46H62N4O11

Inhibits DNA-dependent RNA polymerase activity in the enteric and other eubacteria.

DB00233

Aminosalicylic Acid

C7H7NO3

A broad-spectrum bacteriostatic anti-mycobacterial agent that inhibits folic acid synthesis.
Broad-spectrum drug used in the treatment of Mycobacterium avium. It works by blocking

DB00260

Cycloserine

C3H6N2O2

the formation of peptidoglycans.
The drug exerts its antineoplastic activity by disrupting folate-dependent metabolic processes

DB00642

Pemetrexed

C20H21N5O6

essential for cell replication
A broad spectrum drug that inhibits protein synthesis of bacteria by binding to the 50S

DB01190

Clindamycin

C18H33ClN2O5S

ribosomal subunits of the bacteria.
A broad-spectrum agent that inhibits bacterial protein synthesis by binding to the bacterial

DB01211

Clarithromycin

C38H69NO13

50S ribosomal subunit.
A broad spectrum drug that exhibits bacteriostatic or bactericidal effects by inhibiting the

DB00698

Nitrofurantoin

C8H6N4O5

synthesis of DNA, RNA, protein and cell wall synthesis.
A broad spectrum drug that inhibits bacterial protein synthesis by binding to the 50S

DB00207

Azithromycin

C38H72N2O12

ribosomal subunit of the bacterial 70S ribosome.
A broad-spectrum drug that acts by penetrating the bacterial cell membrane and reversibly
binding to the 50 S subunit of bacterial ribosomes, hence blocking the binding of tRNA

DB00199

Erythromycin

C37H67NO13

(transfer RNA) to the donor site.
A drug that has been used in the treatment of staphylococcal, streptococcal, and Bacteroides
fragilis infections. It inhibits protein synthesis in susceptible bacteria by binding to the 50 S

DB01627

Lincomycin

C18H34N2O6S

subunits of bacterial ribosomes and preventing peptide bond formation upon transcription.
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Binds to the subunit 50S of the bacterial ribosome, and thus inhibits the translocation of
DB00778

Roxithromycin

C41H76N2O15

peptides.
Is a combination of two antibiotics used to treat infections by staphylococci and by
vancomycin-resistant Enterococcus faecium. Dalfopristin inhibits the early phase of protein

DB01369

Quinupristin

C53H67N9O10S

synthesis in the bacterial ribosome.
A broad-spectrum drug that inhibits cell wall synthesis, by acting on penicillin binding

DB00535

Cefdinir

C14H13N5O5S2

proteins (PBPs).

DB00142

L-Glutamic Acid

C5H9NO4

A nutraceutical that is one of the building blocks in protein synthesis.
Has been used for over 50 years in treatment of bipolar disorder, but its mechanism of action

DB01356

Lithium

Li

is still unknown.
A broad-spectrum drug that inhibits cell wall synthesis by binding onto specific penicillin-

DB01326

Cefamandole

C18H18N6O5S2

binding proteins (PCBs).
A broad-spectrum drug that binds to the subunit 50S of the bacterial ribosome, and thus

DB00778

Roxithromycin

C41H76N2O15

inhibits the translocation of peptides.
A broad-spectrum drug that inhibits cell wall synthesis via affinity for penicillin-binding

DB00923

Ceforanide

C20H21N7O6S2

proteins (PBPs).

DB01044

Gatifloxacin

C19H22FN3O4

A broad-spectrum drug that inhibits the bacterial enzymes DNA gyrase and topoisomerase IV.
A broad-specturm that blocks bacterial DNA replication by binding itself to the DNA gyrase

DB00173

Adenine

C5H5N5

enzyme.
A drug that competes with anticancer agents such as doxorubicin, for P-gp transport. This

DB04877

Voacamine

C43H52N4O5

decreases the removal of doxorubicin.

DB00330

Ethambutol

C10H24N2O2

A drug that inhibits arabinosyl transferases which is involved in cell wall biosynthesis

DB00172

L-Proline

C5H9NO2

A nutraceutical that is oxidized to form L-Glutamic acid.

DB00142

L-Glutamic Acid

C5H9NO4

A nutraceutical that activates both ionotropic and metabotropic glutamate receptors.

DB00173

Adenine

C5H5N5

A nutraceutical that is used for nutritional supplementation and also for treating dietary

159

shortage or imbalance.
A nutraceutical that binds to riboflavin hydrogenase, riboflavin kinase, and riboflavin
synthase. Riboflavin is the precursor of flavin mononucleotide (FMN, riboflavin
DB00140

Riboflavin

C17H20N4O6

monophosphate) and flavin adenine dinucleotide (FAD).
A nutraceutical that is hypothesized to promotes a faster rate of glycogen resynthesis during

DB00128

L-Aspartic Acid

C4H7NO4

exercise.
A non-essential amino acid that is synthesized from glycine or threonine. It is involved in the

DB00133

L-Serine

C3H7NO3

biosynthesis of purines; pyrimidines; and other amino acids.

DB00151

L-Cysteine

C3H7NO2S

A thiol-containing non-essential amino acid that is oxidized to form cystine.

Adenosine
DB00131

monophosphate

C10H14N5O7P

A nutraceutical that is used for nutritional supplementation.

DB00143

Glutathione

C10H17N3O6S

A nutraceutical that conjugates to drugs to make them more soluble for excretion.

DB00162

Vitamin A

C20H30O

A nutraceutical that is used in the treatment of vitamin A deficiency.

C10H16N5O13P3

A nutraceutical that is able to store and transport chemical energy within cells.

Adenosine
DB00171

triphosphate
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Appendix H: Pathway enrichment in mycolic acid bacteria
Uncorrected p- Bonferroni
value
Corrected p-value
00970:Aminoacyl-tRNA biosynthesis
4.00E-007
2.08E-005
00240:Pyrimidine metabolism
4.46E-006
2.32E-004
Corynebacterium 00230:Purine metabolism
5.69E-006
2.96E-004
aurimucosum
00400:Phenylalanine,
tyrosine
and
tryptophan
biosynthesis
1.04E-004
5.43E-003
ATCC 700975
00020:Citrate cycle (TCA cycle)
4.35E-004
2.26E-002
00550:Peptidoglycan biosynthesis
7.26E-004
3.77E-002
00860:Porphyrin and chlorophyll metabolism
8.46E-004
4.40E-002
00230:Purine
metabolism
3.29E-009
1.74E-007
Corynebacterium
diphtheriae NCTC 00970:Aminoacyl-tRNA biosynthesis
5.32E-006
2.82E-004
13129
00010:Glycolysis / Gluconeogenesis
1.67E-004
8.83E-003
00250:Alanine, aspartate and glutamate metabolism
8.14E-004
4.31E-002
00970:Aminoacyl-tRNA biosynthesis
1.20E-007
5.39E-006
00860:Porphyrin and chlorophyll metabolism
8.66E-006
3.90E-004
00230:Purine metabolism
8.69E-006
3.91E-004
Corynebacterium
00290:Valine, leucine and isoleucine biosynthesis
1.61E-004
7.23E-003
efficiens YS-314
00330:Arginine and proline metabolism
4.31E-004
1.94E-002
00550:Peptidoglycan biosynthesis
6.91E-004
3.11E-002
00250:Alanine, aspartate and glutamate metabolism
8.54E-004
3.84E-002
00240:Pyrimidine metabolism
8.57E-004
3.86E-002
00230:Purine metabolism
2.64E-008
1.66E-006
00970:Aminoacyl-tRNA biosynthesis
4.36E-007
2.75E-005
00240:Pyrimidine
metabolism
6.47E-007
4.08E-005
Corynebacterium
glutamicum ATCC 00290:Valine, leucine and isoleucine biosynthesis
3.74E-005
2.36E-003
13032 (kitasato) 00550:Peptidoglycan biosynthesis
6.20E-005
3.91E-003
00250:Alanine, aspartate and glutamate metabolism
2.38E-004
1.50E-002
00860:Porphyrin and chlorophyll metabolism
5.67E-004
3.57E-002
00900:Terpenoid backbone biosynthesis
7.18E-004
4.53E-002
00970:Aminoacyl-tRNA biosynthesis
1.72E-008
7.75E-007
00230:Purine metabolism
2.07E-007
9.32E-006
3.09E-005
1.39E-003
Corynebacterium 00550:Peptidoglycan biosynthesis
glutamicum R
00860:Porphyrin and chlorophyll metabolism
3.09E-005
1.39E-003
00240:Pyrimidine metabolism
4.46E-005
2.01E-003
00290:Valine, leucine and isoleucine biosynthesis
1.98E-004
8.93E-003
00260:Glycine, serine and threonine metabolism
7.72E-004
3.47E-002
2.33E-007
1.19E-005
Corynebacterium 00230:Purine metabolism
jeikeium K411
00970:Aminoacyl-tRNA biosynthesis
9.62E-005
4.91E-003
00290:Valine, leucine and isoleucine biosynthesis
8.68E-004
4.43E-002
Corynebacterium
urealyticum DSM
7109
00240:Pyrimidine metabolism
4.52E-004
1.99E-002
00970:Aminoacyl-tRNA biosynthesis
1.92E-007
8.84E-006
Dietzia cinnamea 00240:Pyrimidine metabolism
1.92E-007
8.84E-006
P4
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
1.33E-005
6.14E-004
Species

Pathway
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00230:Purine metabolism
00330:Arginine and proline metabolism
00250:Alanine, aspartate and glutamate metabolism
00770:Pantothenate and CoA biosynthesis
00550:Peptidoglycan biosynthesis
00340:Histidine metabolism
00860:Porphyrin and chlorophyll metabolism
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
Gordonia
bronchialis DSM 00010:Glycolysis / Gluconeogenesis
43247
00900:Terpenoid backbone biosynthesis
00240:Pyrimidine metabolism
00030:Pentose phosphate pathway
00520:Amino sugar and nucleotide sugar metabolism
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00250:Alanine, aspartate and glutamate metabolism
Gordonia
00330:Arginine and proline metabolism
neofelifaecis
00860:Porphyrin and chlorophyll metabolism
NRRL B-59395
00030:Pentose phosphate pathway
00340:Histidine metabolism
00290:Valine, leucine and isoleucine biosynthesis
00520:Amino sugar and nucleotide sugar metabolism
00010:Glycolysis / Gluconeogenesis
00970:Aminoacyl-tRNA biosynthesis
00240:Pyrimidine metabolism
00230:Purine metabolism
Mycobacterium
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
bovis AF2122/97
00550:Peptidoglycan biosynthesis
00330:Arginine and proline metabolism
00770:Pantothenate and CoA biosynthesis
00260:Glycine, serine and threonine metabolism
00970:Aminoacyl-tRNA biosynthesis
Mycobacterium 00400:Phenylalanine, tyrosine and tryptophan biosynthesis
bovis BCG str.
00240:Pyrimidine metabolism
Pasteur 1173P2 00230:Purine metabolism
00010:Glycolysis / Gluconeogenesis
00250:Alanine, aspartate and glutamate metabolism
Mycobacterium
leprae TN
00230:Purine metabolism
00230:Purine metabolism
Mycobacterium 00970:Aminoacyl-tRNA biosynthesis
smegmatis str.
00240:Pyrimidine metabolism
MC2 155
00550:Peptidoglycan biosynthesis
00900:Terpenoid backbone biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis

3.48E-005
6.64E-005
3.32E-004
3.32E-004
3.36E-004
3.36E-004
9.15E-004
3.07E-007
1.07E-006
8.29E-006
9.78E-005
3.23E-004
4.65E-004
5.10E-004
5.10E-004
5.92E-010
4.30E-008
1.14E-006
5.51E-006
2.25E-005
2.25E-005
3.12E-005
1.76E-004
6.29E-004
9.95E-004
9.95E-004
8.54E-010
1.62E-007
1.88E-007
1.97E-006
2.09E-005
1.48E-004
4.04E-004
4.04E-004
1.99E-008
1.09E-007
6.01E-007
4.08E-006
3.56E-004
4.61E-004

1.60E-003
3.05E-003
1.53E-002
1.53E-002
1.54E-002
1.54E-002
4.21E-002
1.26E-005
4.38E-005
3.40E-004
4.01E-003
1.32E-002
1.91E-002
2.09E-002
2.09E-002
2.84E-008
2.06E-006
5.48E-005
2.64E-004
1.08E-003
1.08E-003
1.50E-003
8.46E-003
3.02E-002
4.78E-002
4.78E-002
6.32E-008
1.20E-005
1.39E-005
1.46E-004
1.54E-003
1.10E-002
2.99E-002
2.99E-002
1.52E-006
8.29E-006
4.57E-005
3.10E-004
2.70E-002
3.50E-002

3.25E-004
1.63E-014
1.19E-011
3.76E-008
8.65E-008
2.20E-006
5.02E-006

1.53E-002
1.03E-012
7.49E-010
2.37E-006
5.45E-006
1.39E-004
3.16E-004
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00290:Valine, leucine and isoleucine biosynthesis
00730:Thiamine metabolism
00860:Porphyrin and chlorophyll metabolism
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
Mycobacterium 00400:Phenylalanine, tyrosine and tryptophan biosynthesis
tuberculosis
00240:Pyrimidine metabolism
H37Rv
00860:Porphyrin and chlorophyll metabolism
00290:Valine, leucine and isoleucine biosynthesis
00260:Glycine, serine and threonine metabolism
00330:Arginine and proline metabolism
00970:Aminoacyl-tRNA biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00240:Pyrimidine metabolism
00230:Purine metabolism
Nocardia farcinica
00770:Pantothenate and CoA biosynthesis
IFM 10152
00550:Peptidoglycan biosynthesis
00330:Arginine and proline metabolism
00340:Histidine metabolism
00860:Porphyrin and chlorophyll metabolism
00030:Pentose phosphate pathway
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
00240:Pyrimidine metabolism
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00770:Pantothenate and CoA biosynthesis
Rhodococcus
00740:Riboflavin metabolism
erythropolis PR4
00900:Terpenoid backbone biosynthesis
00190:Oxidative phosphorylation
00290:Valine, leucine and isoleucine biosynthesis
00550:Peptidoglycan biosynthesis
00260:Glycine, serine and threonine metabolism
00860:Porphyrin and chlorophyll metabolism
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
Rhodococcus
00240:Pyrimidine metabolism
erythropolis
00550:Peptidoglycan biosynthesis
SK121
00900:Terpenoid backbone biosynthesis
00400:Phenylalanine, tyrosine and tryptophan
biosynthesis
00340:Histidine metabolism
00740:Riboflavin metabolism
00730:Thiamine metabolism
00790:Folate biosynthesis
00770:Pantothenate and CoA biosynthesis
00290:Valine, leucine and isoleucine biosynthesis
00030:Pentose phosphate pathway
00195:Photosynthesis

5.77E-005
7.96E-005
6.02E-004
1.21E-009
1.18E-008
3.42E-007
3.92E-005
1.21E-004
2.02E-004
5.96E-004
6.63E-004
3.78E-011
3.38E-008
3.76E-008
2.33E-007
1.61E-006
3.11E-006
3.29E-005
7.00E-005
1.70E-004
2.14E-004
3.27E-013
1.64E-010
1.36E-007
4.50E-006
8.64E-006
8.64E-006
2.08E-005
4.43E-005
5.15E-005
2.52E-004
5.56E-004
6.85E-004
8.26E-016
4.61E-010

3.63E-003
5.01E-003
3.79E-002
8.45E-008
8.26E-007
2.39E-005
2.74E-003
8.47E-003
1.42E-002
4.17E-002
4.64E-002
1.70E-009
1.52E-006
1.69E-006
1.05E-005
7.26E-005
1.40E-004
1.48E-003
3.15E-003
7.66E-003
9.63E-003
2.38E-011
1.20E-008
9.93E-006
3.29E-004
6.31E-004
6.31E-004
1.52E-003
3.24E-003
3.76E-003
1.84E-002
4.06E-002
5.00E-002
5.29E-014
2.95E-008

8.66E-008
9.70E-008
7.34E-007
9.85E-006

5.54E-006
6.21E-006
4.69E-005
6.31E-004

1.74E-004
2.70E-004
2.70E-004
4.80E-004
4.80E-004
4.80E-004
6.55E-004
6.55E-004

1.11E-002
1.73E-002
1.73E-002
3.07E-002
3.07E-002
3.07E-002
4.19E-002
4.19E-002
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00860:Porphyrin and chlorophyll metabolism
00970:Aminoacyl-tRNA biosynthesis
00230:Purine metabolism
00240:Pyrimidine metabolism
00550:Peptidoglycan biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00900:Terpenoid backbone biosynthesis
00190:Oxidative phosphorylation
Rhodococcus
00770:Pantothenate and CoA biosynthesis
jostii (strain
00290:Valine, leucine and isoleucine biosynthesis
RHA1)
00860:Porphyrin and chlorophyll metabolism
00740:Riboflavin metabolism
00030:Pentose phosphate pathway
00250:Alanine, aspartate and glutamate metabolism
00010:Glycolysis / Gluconeogenesis
00790:Folate biosynthesis
00330:Arginine and proline metabolism
00730:Thiamine metabolism
00230:Purine metabolism
00970:Aminoacyl-tRNA biosynthesis
00240:Pyrimidine metabolism
00790:Folate biosynthesis
00550:Peptidoglycan biosynthesis
00290:Valine, leucine and isoleucine biosynthesis
Rhodococcus
00190:Oxidative phosphorylation
opacus (strain B4)
00340:Histidine metabolism
00900:Terpenoid backbone biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00250:Alanine, aspartate and glutamate metabolism
00730:Thiamine metabolism
00770:Pantothenate and CoA biosynthesis
00710:Carbon fixation in photosynthetic organisms
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
00230:Purine metabolism
Segniliparus
00970:Aminoacyl-tRNA biosynthesis
rotundus DSM
00030:Pentose phosphate pathway
44985
00900:Terpenoid backbone biosynthesis
00860:Porphyrin and chlorophyll metabolism
00010:Glycolysis / Gluconeogenesis
00970:Aminoacyl-tRNA biosynthesis
00400:Phenylalanine, tyrosine and tryptophan biosynthesis
Tsukamurella
00230:Purine metabolism
paurometabola
00900:Terpenoid backbone biosynthesis
DSM 20162
00240:Pyrimidine metabolism
00010:Glycolysis / Gluconeogenesis
00340:Histidine metabolism

6.68E-004

4.27E-002

2.32E-012
9.96E-012
8.77E-010
1.08E-009
3.53E-008
2.18E-006
3.76E-006
1.61E-005
3.78E-005
1.23E-004
1.91E-004
2.42E-004
2.42E-004
2.72E-004
2.72E-004
5.86E-004
6.58E-004
8.24E-016
4.47E-015
3.39E-010
4.89E-008
6.93E-008
1.84E-006
1.02E-005
1.88E-005
4.07E-005
5.86E-005
2.39E-004
3.38E-004
3.50E-004
6.17E-004
1.92E-005
1.65E-004
5.67E-004
9.02E-004
9.02E-004
9.02E-004
9.02E-004
1.46E-005
1.46E-005
1.80E-005
2.29E-005
2.04E-004
7.04E-004
8.11E-004

1.58E-010
6.77E-010
5.96E-008
7.34E-008
2.40E-006
1.48E-004
2.56E-004
1.10E-003
2.57E-003
8.36E-003
1.30E-002
1.64E-002
1.64E-002
1.85E-002
1.85E-002
3.99E-002
4.48E-002
6.10E-014
3.31E-013
2.51E-008
3.62E-006
5.13E-006
1.36E-004
7.56E-004
1.39E-003
3.01E-003
4.33E-003
1.77E-002
2.50E-002
2.59E-002
4.56E-002
8.06E-004
6.93E-003
2.38E-002
3.79E-002
3.79E-002
3.79E-002
3.79E-002
6.41E-004
6.41E-004
7.91E-004
1.01E-003
8.97E-003
3.10E-002
3.57E-002

165
Appendix I: Peptidoglycan pathway (KEGG 00550)
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Appendix J: Drug information for pathway-associated genes

DrugDB ID Generic Name
DB00642
Pemetrexed
DB00250
Dapsone
4-{2,6,8-Trioxo-9-[(2s,3r,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-HexahydroDB02711
7h-Purin-7-Yl}Butyl Dihydrogen Phosphate
DB02592
Carbaphosphonate
DB01942
Formic Acid
DB01726
2-Aminophenol
DB04496
4-Phospho-D-Erythronohydroxamic Acid
N-[1H-INDOL-3-YL-ACETYL]GLYCINE
DB07952
ACID
DB02184
(2s,3s)-1,4-Dimercaptobutane-2,3-Diol
DB04498
Aspartate Semialdehyde
DB00142
L-Glutamic Acid
DB03912
4'-Phosphopantetheine
DB04143
Indole-3-Glycerol Phosphate
DB02343
3,6,9,12,15-Pentaoxaheptadecane
DB04120
4-Methyl-1,2-Benzenediol
P1-(5'-Adenosyl)P5-(5'DB03280
Thymidyl)Pentaphosphate
DB03887
Alpha-Adenosine Monophosphate
3-{2,6,8-Trioxo-9-[(2s,3r,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-HexahydroDB03812
7h-Purin-7-Yl}Propyl Dihydrogen Phosphate
DB02054
Gabaculine
DB02489
9-Methylguanine
Uridine-5'-Diphosphate-N-Acetylmuramoyl-LDB02314
Alanine-D-Glutamate
Uridine-5'-Diphosphate-N-Acetylmuramoyl-LDB01673
Alanine
DB03018
3,4-Dimethylaniline
DB04168
2-Amino-5-Bromo-6-Phenylpyrimidin-4-Ol
DB00128
L-Aspartic Acid
DB03255
Phenol
DB02030
Alpha-Ribazole-5'-Phosphate
N-({6-[(4CYANOBENZYL)OXY]NAPHTHALEN-2DB08108
YL}SULFONYL)-D-GLUTAMIC ACID
DB03416
Thiamin Phosphate
8-Amino-1,3-Dimethyl-3,7-DihydropurineDB01778
2,6-Dione
DB04714
ISOPENTENYL PYROPHOSPHATE
4-(2-HYDROXYPHENYLTHIO)-1DB07890
BUTENYLPHOSPHONIC ACID

Chemical
Formulae
C20H21N5O6
C12H12N2O2S

FDA
Approval
Approved
Approved

ChEBI
ID

C14H23N4O11P
C8H15O8P
CH2O2
C6H7NO
C4H10NO8P

Experimental
Experimental
Experimental
Experimental
Experimental

C12H12N2O3
C4H10O2S2
C52H88N2O40
C5H9NO4
C11H23N2O7PS
C11H14NO6P
C12H26O5
C7H8O2

Experimental
Experimental
Experimental
Approved
Experimental
Experimental
Experimental
Experimental

C20H30N7O23P5
C10H14N5O7P

Experimental
Experimental

C13H21N4O11P
C7H7NO2
C6H7N5O

Experimental
Experimental
Experimental

C28H43N5O23P2

Experimental

C23H36N4O20P2
C8H11N
C10H8BrN3O
C4H7NO4
C6H6O
C14H19N2O7P

Experimental
Experimental
Experimental
Approved
Experimental
Experimental

C23H20N2O7S
C12H17N4O4PS

Experimental
Experimental

18338

C7H8N5O2
C5H12O7P2

Experimental
Experimental

16584

C10H13O4PS

Experimental

4325

30751
18112

32886
16015
16858
44751
17254

46143
39901
17053
15882
16837
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DB03461
DB03801
DB00151
DB01815
DB07732
DB01992
DB07951
DB04272
DB04077
DB03431
DB02022
DB04539
DB00173
DB02236
DB03649
DB03775
DB02290
DB08112
DB04099
DB02135
DB01813
DB07953
DB02930
DB04532
DB03200
DB03059
DB04395
DB08106
DB04160

DB07748
DB03247
DB02196
DB02819

2'-Monophosphoadenosine 5'-Diphosphoribose
Lysine Nz-Carboxylic Acid
L-Cysteine
Nz-(Dicarboxymethyl)Lysine
2-[(2NAPHTHYLSULFONYL)AMINO]ETHYL
DIHYDROGEN PHOSPHATE
Coenzyme A
N-[1H-INDOL-3-YL-ACETYL]ASPARTIC
ACID
Citric Acid
Glycerol
Adenosine-5'-Diphosphate
4-Amino-5-Hydroxymethyl-2Methylpyrimidine
Glyphosate
Adenine
Glycinamide Ribonucleotide
[{(5-Chloro-2-Pyridinyl)Amino} Methylene]1,1-Bisphosphonate
D-Dethiobiotin
3-{2,6,8-Trioxo-9-[(2s,3s,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-Hexahydro7h-Purin-7-Yl}Propyl Dihydrogen Phosphate
N-({6-[(4-CYANO-2FLUOROBENZYL)OXY]NAPHTHALEN-2YL}SULFONYL)-D-GLUTAMIC ACID
Deamido-Nad+
4-{2,6,8-Trioxo-9-[(2r,3s,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-Hexahydro7h-Purin-7-Yl}Butyl Dihydrogen Phosphate
Pyridoxyl-Glutamic Acid-5'-Monophosphate
N-[1H-INDOL-3-YL-ACETYL]VALINE
ACID
Phosphothiophosphoric Acid-Adenylate Ester
Indole
7-Alpha-D-Ribofuranosyl-Purine-5'-Phosphate
Acetoacetyl-Coenzyme A
Phosphoaminophosphonic Acid-Adenylate
Ester
N-[(6-BUTOXYNAPHTHALEN-2YL)SULFONYL]-D-GLUTAMIC ACID
Diphosphate
2-({[4(TRIFLUOROMETHOXY)PHENYL]SULFO
NYL}AMINO)ETHYL DIHYDROGEN
PHOSPHATE
Riboflavin Monophosphate
Uridine-Diphosphate-N-Acetylgalactosamine
Mono-[3,4-Dihydroxy-5-(5-MethylBenzoimidazol-1-Yl)-Tetrahydor-Furan-2-

C21H28N7O17P3
C7H14N2O4
C3H7NO2S
C9H16N2O6

Experimental
Experimental
Approved
Experimental

43575
17561

C12H14NO6PS
Experimental
C21H36N7O16P3S Experimental

15346

C14H14N2O5
C6H8O7
C3H8O3
C10H15N5O10P2

Experimental
Experimental
Experimental
Experimental

30769
17754
16761

C6H9N3O
C3H9NO5P
C5H5N5
C7H13N2O8P

Experimental
Experimental
Approved
Experimental

16892
27744
16708
18349

C6H9ClN2O6P2
C10H18N2O3

Experimental
Experimental

C13H21N4O11P

Experimental

C23H19FN2O7S
C21H27N6O15P2

Experimental
Experimental

C14H23N4O11P
C13H20N2O9P

Experimental
Experimental

C15H18N2O3
C10H16N5O12P3S
C8H6N
C10H13N4O7P
C25H40N7O18P3S

Experimental
Experimental
Experimental
Experimental
Experimental

C10H17N6O12P3

Experimental

C19H23NO7S
O7P2

Experimental
Experimental

C9H11F3NO7PS
C17H21N4O9P
C17H27N3O17P2
C13H17N2O7P

Experimental
Experimental
Experimental
Experimental

18304

27575
16881
15345

29888

17621

168
DB01688
DB01692
DB04299
DB07745
DB03571
DB04425
DB04400
DB07782
DB02694
DB01906
DB02596
DB02885
DB06906
DB04130
DB03687
DB02496
DB07925
DB03909
DB03973
DB04447
DB03459
DB00133
DB02948
DB02119
DB00140
DB01788
DB01930
DB03079
DB04351
DB00615
DB00114
DB02163
DB04328
DB08107

Ylmethyl] Ester
P-Cresol
Dithioerythritol
Maleic Acid
2-{[4(TRIFLUOROMETHOXY)BENZOYL]AMIN
O}ETHYL DIHYDROGEN PHOSPHATE
3-(5-Amino-7-Hydroxy-[1,2,3]Triazolo[4,5D]Pyrimidin-2-Yl)-N-(3,5-Dichlorobenzyl)Benzamide
7,8-Dihydroneopterin
7,8-Dihydrobiopterin
4-AMINO-2-TRIFLUOROMETHYL-5HYDROXYMETHYLPYRIMIDINE
PYROPHOSPHATE
Pantoyl Adenylate
3-(5-Amino-7-Hydroxy-[1,2,3]Triazolo[4,5D]Pyrimidin-2-Yl)-Benzoic Acid
Alpha,Beta-Methyleneadenosine-5'Triphosphate
4-Imino-5-Methidyl-2Trifluoromethylpyrimidine
2-AMINO-4-HYDROXYPYRIMIDINE-5CARBOXYLIC ACID ETHYL ESTER
5-Methoxybenzimidazole
4-Diphosphocytidyl-2-C-Methyl-D-Erythritol
1-Deoxy-D-Xylulose-5-Phosphate
4-(2-HYDROXYPHENYLSULFINYL)BUTYLPHOSPHONIC ACID
Adenosine-5'-[Beta, GammaMethylene]Triphosphate
3-{2,6,8-Trioxo-9-[(2r,3r,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-Hexahydro7h-Purin-7-Yl}Propyl Dihydrogen Phosphate
1,4-Dithiothreitol
N-(Phosphonacetyl)-L-Aspartic Acid
L-Serine
Fosmidomycin
6-Hydroxymethyl-7,8-Dihydropterin
Riboflavin
4-Imino-5-Methidyl-2-Methylpyrimidine
2,4-Dihydroxy-3,3-Dimethyl-Butyrate
Alpha-Ribazole-5'-Phosphate Derivative
Aconitate Ion
Rifabutin
Pyridoxal Phosphate
2,5-Xylidine
Shikimate-3-Phosphate
N-{[6-(PENTYLOXY)NAPHTHALEN-2YL]SULFONYL}-D-GLUTAMIC ACID

C7H8O
C4H10O2S2
C4H4O4

Experimental
Experimental
Experimental

C10H11F3NO6P

Experimental

C18H13Cl2N7O2
C9H13N5O4
C9H13N5O3

Experimental
Experimental
Experimental

C6H8F3N3O7P2
C16H24N5O10P

Experimental
Experimental

C11H8N6O3

Experimental

C11H18N5O12P3

Experimental

C6H4F3N3

Experimental

C7H9N3O3
C8H7N2O
C14H25N3O14P2
C5H11O7P

Experimental
Experimental
Experimental
Experimental

C10H15O5PS

Experimental

C11H18N5O12P3

Experimental

C13H21N4O11P
C4H10O2S2
C6H10NO8P
C3H7NO3
C4H10NO5P
C7H9N5O2
C17H20N4O6
C6H7N3
C6H11O4
C12H15N2O7P
C6H3O6
C46H62N4O11
C8H10NO6P
C8H11N
C7H11O8P

Experimental
Experimental
Experimental
Approved
Experimental
Experimental
Approved
Experimental
Experimental
Experimental
Experimental
Approved
Nutraceutical
Experimental
Experimental

C20H25NO7S

Experimental

17847
17456
18300

17001
15375

16493

18320
17115
443725
17015
15980
15708
8857
18405
518305
17052

169

DB02905
DB00260
DB08016
DB02591
DB02382
DB00233
DB04533
DB03543
DB02962
DB03846
DB02452
DB01987
DB03171
DB03754
DB04074
DB03022
DB03546
DB03590
DB06998
DB08326
DB02254
DB03811
DB02142
DB04052
DB01672
DB01632
DB02212
DB03997
DB02693
DB03666
DB01785
DB04485
DB01907
DB03397
DB03177
DB03884
DB03026

Phosphoric Acid Mono-[3,4-Dihydroxy-5-(5Hydroxy-Benzoimidazol-1-Yl)TetrahydroFuran-2-Ylmethyl] Ester
Cycloserine
4-(6-CHLORO-2,4-DIOXO-1,2,3,4TETRAHYDROPYRIMIDIN-5-YL) BUTYL
PHOSPHATE
5,6-Dimethylbenzimidazole
Namn
Aminosalicylic Acid
2-Amino-P-Cresol
1-(O-Carboxy-Phenylamino)-1-Deoxy-DRibulose-5-Phosphate
Benzimidazole
5-Hydroxymethyluridine-2'-Deoxy-5'Monophosphate
Thymidine-5'-Triphosphate
Thiamin Diphosphate
Indole-3-Propanol Phosphate
Tris(Hydroxymethyl)Aminomethane
Alpha-ketoisovalerate
3-{2,6,8-Trioxo-9-[(2r,3s,4r)-2,3,4,5Tetrahydroxypentyl]-1,2,3,6,8,9-Hexahydro7h-Purin-7-Yl}Propyl Dihydrogen Phosphate
10-CF3C(OH)2-DDACTHF
2,6-Diaminopimelic Acid
[(5R)-5-(2,3-dibromo-5-ethoxy-4hydroxybenzyl)-4-oxo-2-thioxo-1,3thiazolidin-3-yl]acetic acid
2-(6-HYDROXY-1,3-BENZOTHIAZOL-2YL)-1,3-THIAZOL-4(5H)-ONE
Trifluoro-thiamin phosphate
Histidinol
Pyridoxamine-5'-Phosphate
3,4-Dimethylphenol
2,3-Dihydroxy-Benzoic Acid
Alpha-Phosphoribosylpyrophosphoric Acid
Pyrophosphate 2Phosphoric Acid Mono-[2-Amino-3-(3hImidazol-4-Yl)-Propyl]Ester
(4s,5s)-1,2-Dithiane-4,5-Diol
3'-Azido-3'-Deoxythymidine-5'Monophosphate
Dimethylallyl Diphosphate
Deoxythymidine
Nicotinamide-Adenine-Dinucleotide
Uridine-Diphosphate-N-Acetylglucosamine
5-methylbenzimidazole
3-Phenylpyruvic Acid
Phosphoglycolohydroxamic Acid

C10H13N4O8P
C3H6N2O2

Experimental
Approved

C8H12ClN2O6P
C9H9N2
C11H14NO9P
C7H7NO3
C7H9NO

Experimental
Experimental
Experimental
Approved
Experimental

C12H18NO9P
C7H5N2

Experimental
Experimental

3028

C10H16N2O9P
C10H17N2O14P3
C12H18N4O7P2S
C11H14NO4P
C4H12NO3
C5H8O3

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

18077
18290
28162
9754
16530

C13H21N4O11P
C22H30F3N5O8
C7H14N2O4

Experimental
Experimental
Experimental

23673

40009

15890
27565

C14H13Br2NO5S2 Experimental
C10H6N2O2S2
C12H13F3N4O4PS
C6H9N3O
C8H13N2O5P
C8H10O
C7H6O4
C5H13O14P3
H2O7P2

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

16792

C6H11N3O4P
C4H8O2S2

Experimental
Experimental

16996
32883

C10H14N5O7P
C5H12O7P2
C10H14N2O5
C21H27N7O14P2
C17H27N3O17P2
C8H8N2
C9H8O3
C2H6NO6P

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

39839
18026
17111
33018

16057
17748
15846
40205
30851
28475

170
DB01643
DB01661
DB02770
DB03350
DB03231
DB03180
DB03116
DB08105
DB03107
DB04075
DB07296
DB03502
DB03108
DB07894
DB04176
DB03145
DB03147
DB07773

Thymidine-5'-Phosphate
Phosphoribosyl Atp
7-Alpha-D-Ribofuranosyl-2-Aminopurine-5'Phosphate
Cobalt Hexammine Ion
3-(5-Amino-7-Hydroxy-[1,2,3]Triazolo[4,5D]Pyrimidin-2-Yl)-N-[2-(2-(HydroxymethylPhenylsulfanyl)-Benzyl]-Benzamide
4,5-Dimethyl-1,2-Phenylenediamine
5-(1-Carboxy-1-Phosphonooxy-Ethoxyl)Shikimate-3-Phosphate
N-[(6-BUTOXYNAPHTHALEN-2YL)SULFONYL]-L-GLUTAMIC ACID
Beta-Alanine
N-Acetyl-L-Glutamate
(5Z)-3-(4-CHLOROPHENYL)-4-HYDROXY5-(1-NAPHTHYLMETHYLENE)FURAN2(5H)-ONE
(4s)-4-{[(2s)-2-Amino-3Oxopropyl]Sulfanyl}-L-Homoserinate
4-Phospho-D-Erythronate
4-(2-HYDROXY-4-FLUOROPHENYLTHIO)BUTYLPHOSPHONIC ACID
Phosporic Acid Mono-[3,4-Dihydroxy-5-(5Methoxy-Benzoimidazol-1-Yl)-TetrahydroFuran-2-Ylmethyl] Ester
4-Methyl-5-Hydroxyethylthiazole Phosphate
Flavin-Adenine Dinucleotide
5-FLUOROINDOLE PROPANOL
PHOSPHATE

C10H15N2O8P
C15H19N5O20P4

Experimental
Experimental

17013
18263

C10H14N5O7P
CoH12N6

Experimental
Experimental

30027

C25H21N7O3S
C8H12N2

Experimental
Experimental

C10H16O14P2

Experimental

C19H23NO7S
C3H7NO2
C7H11NO5

Experimental
Experimental
Experimental

C21H13ClO3

Experimental

C7H14N2O4S
C4H9O8P

Experimental
Experimental

C10H12FO4PS

Experimental

C13H17N2O8P
C6H10NO4PS
C27H33N9O15P2

Experimental
Experimental
Experimental

C11H13FNO4P

Experimental

16958
17533

49003

17857
16238
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Appendix K: Drug information for ribosomal genes

DrugDB ID Generic Name
2-METHYLTHIO-N6-ISOPENTENYLDB08185
ADENOSINE-5'-MONOPHOSPHATE
DB07374
ANISOMYCIN
DB01190
Clindamycin
DB01211
Clarithromycin
DB00698
Nitrofurantoin
DB08437
PUROMYCIN
Alpha-Hydroxy-Beta-Phenyl-Propionic
DB02494
Acid
DB00207
Azithromycin
DB00199
Erythromycin
DB01627
Lincomycin
DB00778
Roxithromycin
DB01369
Quinupristin

Chemical Formulae

ChEBI
FDA Approval ID

C16H26N5O7PS
C14H19NO4
C18H33ClN2O5S
C38H69NO13
C8H6N4O5
C22H29N7O5

Experimental
Experimental
Approved
Approved
Approved
Experimental

C9H10O3
C38H72N2O12
C37H67NO13
C18H34N2O6S
C41H76N2O15
C53H67N9O10S

Experimental
Approved
Approved
Approved
Approved
Approved

338412
3745
3732
17939
21211
2955
48923
6472
48844
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Appendix L: Drug information for hypothetical genes

DrugDB ID Generic Name
DB03382
S-Oxy Cysteine
(1R,3S,5S,8R)-8-HYDROXY-2OXABICYCLO[3.3.1]NON-6-ENE-3,5DB08650
DICARBOXYLIC ACID
DB03349
8-Bromo-Adenosine-5'-Monophosphate
DB04156
Aspartate Beryllium Trifluoride
DB00131
Adenosine monophosphate
DB03760
Dihydrolipoic Acid
S-(N-Hydroxy-NDB03889
Bromophenylcarbamoyl)Glutathione
1-Methoxy-2-[2-(2-Methoxy-Ethoxy]DB02078
Ethane
DB02527
Cyclic Adenosine Monophosphate
DB00143
Glutathione
DB02162
5'-O-(N-Ethyl-Sulfamoyl)Adenosine
DB02183
Adenosine-5'-Ditungstate
DB01972
Guanosine-5'-Monophosphate
DB03256
5-Formyl-5,6,7,8-Tetrahydrofolate
DB04315
Guanosine-5'-Diphosphate
DB07365
NAPHTHALEN-2-YL-3-ALANINE

Chemical Formulae
C3H6NO3S

ChEBI
FDA Approval ID
Experimental

C10H12O6
C10H13BrN5O7P
C4H8BeF3NO4
C10H14N5O7P
C8H16O2S2

Experimental
Experimental
Experimental
Approved
Experimental

C17H23BrN4O8S

Experimental

C8H18O4
C10H12N5O6P
C10H17N3O6S
C12H18N6O6S
C10H15N5O10W2
C10H14N5O8P
C20H23N7O7
C10H15N5O11P2
C13H13NO2

Experimental
Experimental
Approved
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

16027
18047

44842
17489
16856

17345
15640
17552
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Appendix M: Drug information for genes with other annotations

DrugDB ID Generic Name
5-(2,5-DICHLOROPHENYL)-2-FUROIC
DB07758
ACID
DB02761
S-Mercaptocysteine
N~2~-[(BENZYLOXY)CARBONYL]-N[(1S,2S)-2-HYDROXY-1-(4HYDROXYBENZYL)PROPYL]-LDB07571
LEUCINAMIDE
DB04522
Phosphonoserine
DB07394
AUROVERTIN B
Alpha,Beta-Methyleneadenosine-5'DB02596
Triphosphate
DB02151
Methionine Phosphonate
5-IMINO-4-(2-TRIFLUOROMETHYLPHENYLAZO)-5H-PYRAZOL-3DB08671
YLAMINE
DB03685
Uridine-5'-Monophosphate
DB02088
Norleucine Phosphonate
Uridine-5'-Monophosphate GlucopyranosylDB04355
Monophosphateester
DB02843
Alpha-D-Glucose-1-Phosphate
2[(CYCLOPROPYLCARBONYL)AMINO]4,5,6,7-TETRAHYDRO-1DB07398
BENZOTHIOPHENE-3-CARBOXAMIDE
DB02515
3-Phosphoglycerol
DB02333
Deoxyuridine-5'-Triphosphate
DB01942
Formic Acid
DB00535
Cefdinir
DB04651
BIOTINOL-5-AMP
3-(4-HYDROXY-3-METHOXYPHENYL)DB07767
2-PROPENOIC ACID
DB03085
Hydroxyacetic Acid
DB04213
N-Cyclohexyl-N'-(Propyl)Phenyl Urea
DB04447
1,4-Dithiothreitol
DB02355
Adenosine-5'-Rp-Alpha-Thio-Triphosphate
DB01752
S-Adenosyl-L-Homocysteine
DB00142
L-Glutamic Acid
Adenosine-5'-[Beta, GammaDB03909
Methylene]Triphosphate
DB01356
Lithium
DB04015
Methionine Phosphinate
2-CHLORO-N-(3-CYANO-5,6-DIHYDRO4H-CYCLOPENTA[B]THIOPHEN-2-YL)DB06970
5-DIETHYLSULFAMOYL-BENZAMIDE

ChEBI
Chemical Formulae FDA Approval ID
C11H6Cl2O3
C3H7NO2S2

Experimental
Experimental

C24H32N2O5
C3H8NO6P
C25H32O8

Experimental
Experimental
Experimental

C11H18N5O12P3
C4H12NO3PS

Experimental
Experimental

C10H7F3N6
C9H13N2O9P
C5H14NO3P

Experimental
Experimental
Experimental

C15H24N2O17P2
C6H13O9P

Experimental
Experimental

C13H16N2O2S
C3H9O6P
C9H15N2O14P3
CH2O2
C14H13N5O5S2
C20H30N7O8PS

Experimental
Experimental
Experimental
Experimental
Approved
Experimental

C10H10O4
C2H4O3
C16H24N2O
C4H10O2S2
C10H16N5O12P3S
C14H20N6O5S
C5H9NO4

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Approved

C11H18N5O12P3
Li
C4H12NO2PS

Experimental
Approved
Experimental

C19H20ClN3O3S2

Experimental

28839

16695

29042

30751
3485

29805
18320
16680
16015
49713

174
DB03488
DB02029
DB08666
DB01326
DB03766

DB08670
DB02713
DB00162
DB08257
DB08451
DB03049
DB08667
DB07591
DB03709
DB01864
DB08357
DB04216
DB02900
DB08310
DB07109
DB03677
DB04217
DB02811
DB01987
DB02452
DB03222
DB08256
DB07308
DB03014
DB00171
DB07759
DB07304

Uridine-5'-Diphosphate-2-Deoxy-2-FluoroAlpha-D-Galactose
N-Cyclohexyl-N'-(4-Iodophenyl)Urea
5-IMINO-4-(3-TRIFLUOROMETHYLPHENYLAZO)-5H-PYRAZOL-3YLAMINE
Cefamandole
Propanoic Acid
METHYL N-[(2S,3R)-3-AMINO-2HYDROXY-3-(4ISOPROPYLPHENYL)PROPANOYL]-DALANYL-D-LEUCINATE
Acetylamino-Acetic Acid
Vitamin A
4{[(CYCLOHEXYLAMINO)CARBONYL]
AMINO}BUTANOIC ACID
N-(QUINOLIN-8YL)METHANESULFONAMIDE
S-Selanyl Cysteine
4-(4-FLUORO-PHENYLAZO)-5-IMINO5H-PYRAZOL-3-YLAMINE
N1-CYCLOPENTYL-N2-(THIAZOL-2YL)OXALAMIDE
Bicine
5'-Guanosine-DiphosphateMonothiophosphate
1-ETHOXY-2-(2ETHOXYETHOXY)ETHANE
Quercetin
Alpha-D-Mannose-6-Phosphate
N-[(2R)-2-{[(2S)-2-(1,3-benzoxazol-2yl)pyrrolidin-1-yl]carbonyl}hexyl]-Nhydroxyformamide
(2E)-3-(3-hydroxy-4-methoxyphenyl)prop2-enoic acid
N-Cyclohexyl-N'-Decylurea
L-2-amino-3-butynoic acid
Diethylphosphono Group
Thiamin Diphosphate
Thymidine-5'-Triphosphate
2'-Deoxyadenosine 5'-Triphosphate
N[(CYCLOHEXYLAMINO)CARBONYL]G
LYCINE
5-(2-CHLOROBENZYL)-2-FUROIC ACID
Heme
Adenosine triphosphate
5-[2-(TRIFLUOROMETHYL)PHENYL]-2FUROIC ACID
5-[2-(TRIFLUOROMETHOXY)PHENYL]-

C15H23FN2O16P2
C13H17IN2O

Experimental
Experimental

C10H7F3N6
C18H18N6O5S2
C3H6O2

Experimental
Approved
Experimental

3480
30768

C22H35N3O5
C4H7NO3
C20H30O

Experimental
Experimental
Approved

17336

C11H20N2O3

Experimental

C10H10N2O2S
C3H7NO2SSe

Experimental
Experimental

C9H7FN6

Experimental

C10H13N3O2S
C6H13NO4

Experimental
Experimental

39065

C10H16N5O13P3S

Experimental

43000

C8H18O3
C15H10O7
C6H13O9P

Experimental
Experimental
Experimental

16243
43896

C19H25N3O4

Experimental

C10H10O4
C17H34N2O
C4H5NO2
C4H11O3P
C12H18N4O7P2S
C10H17N2O14P3
C10H16N5O12P3

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

18290
18077
16284

C9H16N2O3
C12H9ClO3
C34H32FeN4O4
C10H16N5O13P3

Experimental
Experimental
Experimental
Approved

30413
15422

C12H7F3O3
C12H7F3O4

Experimental
Experimental
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DB07706
DB07690
DB02750
DB08258
DB04137
DB04742

DB08266
DB03419
DB03252
DB08399
DB00778
DB01660
DB08558
DB04243
DB02552
DB07041
DB08259
DB01992
DB02909
DB02867
DB04272
DB03431
DB03814
DB08668
DB00923
DB08758
DB02527
DB02345
DB01044
DB04444
DB07305
DB00173
DB07407

2-FUROIC ACID
2,3,17BETA-TRIHYDROXY-1,3,5(10)ESTRATRIENE
(3ALPHA,5BETA,12ALPHA)-3,12DIHYDROXYCHOLAN-24-OIC ACID
S-(Methylmercury)-L-Cysteine
6{[(CYCLOHEXYLAMINO)CARBONYL]
AMINO}HEXANOIC ACID
Guanosine-5'-Triphosphate
NITROCEFIN
methyl [(1E,5R)-5-{(3S)-3-[(2E,4E)-2,5dimethylocta-2,4-dienoyl]-2,4-dioxo-3,4dihydro-2H-pyran-6yl}hexylidene]carbamate
Uracil
D-Lysine
PICEATANNOL
Roxithromycin
Adenosine-5'-Diphosphate
Monothiophosphate
2-HYDROXYMETHYL-6OCTYLSULFANYL-TETRAHYDROPYRAN-3,4,5-TRIOL
5-Methyluridine 5'-Monophosphate
Geranyl Diphosphate
N-[2-(2,4-diaminopyrido[2,3-d]pyrimidin-7yl)-2-methylpropyl]-4-phenoxybenzamide
7{[(CYCLOHEXYLAMINO)CARBONYL]
AMINO}HEPTANOIC ACID
Coenzyme A
5-(2-Chlorophenyl)Furan-2-Carboxylic Acid
D-Mannose 1-Phosphate
Citric Acid
Adenosine-5'-Diphosphate
2-(N-Morpholino)-Ethanesulfonic Acid
3-(5-AMINO-3-IMINO-3H-PYRAZOL-4YLAZO)-BENZOIC ACID
Ceforanide
IMIDAZO[2,1-A]ISOQUINOLINE-2CARBOHYDRAZIDE
Cyclic Adenosine Monophosphate
Selenocysteine
Gatifloxacin
Tetrafluoroaluminate Ion
5-(2-CHLORO-4-NITROPHENYL)-2FUROIC ACID
Adenine
5-(2-METHOXYPHENYL)-2-FUROIC
ACID

C18H24O3

Experimental

28744

C24H40O4
C4H9HgNO2S

Experimental
Experimental

C13H24N2O3
C10H16N5O14P3
C13H14N2O4S2

Experimental
Experimental
Experimental

C23H31NO6
C4H4N2O2
C6H14N2O2
C14H12O4
C41H76N2O15

Experimental
Experimental
Experimental
Experimental
Approved

C10H16N5O12P3S

Experimental

C14H28O5S
C10H15N2O9P
C10H20O7P2

Experimental
Experimental
Experimental

C24H24N6O2

Experimental

C14H26N2O3
C21H36N7O16P3S
C11H7ClO3
C6H13O9P
C6H8O7
C10H15N5O10P2
C6H13NO4S

Experimental
Experimental
Experimental
Experimental
Experimental
Experimental
Experimental

C10H8N6O2
C20H21N7O6S2

Experimental
Approved

3495

C12H10N4O
C10H12N5O6P
C3H7NO2Se
C19H22FN3O4
AlF4

Experimental
Experimental
Experimental
Approved
Experimental

17489
9093
5280
30111

C11H6ClNO5
C5H5N5

Experimental
Approved

16708

C12H10O4

Experimental

15996

17568
16855
28814
48844

17211

15346
35374
30769
16761
39408
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DB01907
DB03542
DB04877
DB04092
DB07780
DB02251
DB02379
DB08629
DB02772
DB04315
DB00330
DB07384
DB04640
DB02007
DB03435
DB02930
DB03799
DB04493
DB08226
DB02393
DB08757
DB04395
DB03247
DB00172
DB04104

DB08669
DB07408
DB03147
DB02912
DB08718

Nicotinamide-Adenine-Dinucleotide
L-Myo-Inositol-1-Phosphate
Voacamine
Apstatin
FARNESYL DIPHOSPHATE
O-Succinylbenzoate
Beta-D-Glucose
N1-(2-AMINO-4METHYLPENTYL)OCTAHYDROPYRROLO[1,2-A] PYRIMIDINE
Sucrose
Guanosine-5'-Diphosphate
Ethambutol
1-ACETYL-2-CARBOXYPIPERIDINE
Naphthalene-2,6-disulfonic acid
Alpha-D-Glucose-6-Phosphate
Uridine-5'-Diphosphate
Phosphothiophosphoric Acid-Adenylate
Ester
Trifluoromethionine
Fructose-6-Phosphate
Myxopyronin B
D-Gluco-2,5-Anhydro-1-Deoxy-1Phosphonohexitol-6-Phosphate
5-(2-chlorophenyl)furan-2-carbohydrazide
Phosphoaminophosphonic Acid-Adenylate
Ester
Riboflavin Monophosphate
L-Proline
3-Methyladenine
METHYL N-[(2S,3R)-3-AMINO-2HYDROXY-3-(4METHYLPHENYL)PROPANOYL]-DALANYL-D-LEUCINATE
5-(2-NITROPHENYL)-2-FUROIC ACID
Flavin-Adenine Dinucleotide
Propionyl Coenzyme A
4-(3-ethylthiophen-2-yl)benzene-1,2-diol

C21H27N7O14P2
C6H11O9P
C43H52N4O5
C23H33N5O5
C15H28O7P2
C11H10O5
C6H12O6

Experimental
Experimental
Approved
Experimental
Experimental
Experimental
Experimental

C13H27N3
C12H22O11
C10H15N5O11P2
C10H24N2O2
C8H13NO3
C10H8O6S2
C6H13O9P
C9H14N2O12P2

Experimental
Experimental
Experimental
Approved
Experimental
Experimental
Experimental
Experimental

C10H16N5O12P3S
C5H8F3NO2S
C6H13O9P
C23H31NO6

Experimental
Experimental
Experimental
Experimental

C6H14O10P2
C11H9ClN2O2

Experimental
Experimental

C10H17N6O12P3
C17H21N4O9P
C5H9NO2
C6H7N5

Experimental
Experimental
Approved
Experimental

C20H31N3O5
C11H7NO5
C27H33N9O15P2
C24H40N7O17P3S
C12H12O2S

Experimental
Experimental
Experimental
Experimental
Experimental

15846
18297

50277
18325
15903

17992
17552
4877
30893
17665
17659
27575
15946

17621
17203
38635

16238
15539
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Appendix N: Graph distance and modularity report
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Appendix O: Perl programs for MLST sequence data analysis
Data formatting
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script takes unorganized FASTA entries and extracts unique gene sequences,
# assigns species names, genome accession data and then re-formats it to FASTA
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#--------------------------------------------------------------------------------------------------------------------------------------------

use strict;
use Data::Dumper;
use Bio::SeqIO;

my $code_file = 'code.csv';
my $fasta_file = shift;
my $code_hash = create_code_hash($code_file);
#print Dumper $code_hash;

format_fasta($fasta_file,$code_hash);

#read through a fasta file and assign species name and acc id
#------------------------------------------------------------------------------------------------------------------------------------------sub format_fasta
{
my ($infile,$code_hash) = @_;
my $inseq = Bio::SeqIO->new(-file=>$infile,-format=>'fasta');
while (my $seq = $inseq->next_seq)
{
my $header = $seq->id;
my $sequence = $seq->seq;
#print $header,"\t",$sequence,"\n";
if (defined $code_hash->{$header})
{
my $seq_name = $code_hash->{$header}->{"name"};
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my $seq_acc = $code_hash->{$header}->{"acc"};
if ($seq_acc ne '0')
{
print ">$seq_name \[$seq_acc\]" . "\n" . join("",@{make_neat($sequence)}),"\n";
}
else
{
print ">$seq_name" . "\n" . join("",@{make_neat($sequence)}),"\n";
}
}
else
{
print ">$header" . "\n" . join("",@{make_neat($sequence)}),"\n";
}
}
}

#grab dna sequences and create unique hash entries
#-------------------------------------------------------------------------------------------------------------------------------------sub create_code_hash
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!\n";
my %code_hash;
while(my $line = <$infile_h>)
{
chomp $line;
next if $line =~ /^#/;

my @all = split /\t/,$line;

my $code = $all[0];
my $name = $all[2];
my $acc = $all[-1];

$code_hash{$code}{"name"} = $name;
$code_hash{$code}{"acc"} = $acc;
}
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return \%code_hash;
}

#Format data into a FASTA file
##------------------------------------------------------------------------------------------------------------------------------------sub make_neat
{
my ($string) = @_;
my @all = split//,$string;
for(my $i=59;$i<=$#all;$i+=60)
{

$all[$i].= "\n";
}

return \@all;
}
#print join("",@{make_neat($sequence)}),"\n";
#-----------------------------------------------------------------------------------------------------------------------------------------

Single-gene phylogeny
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script automates phylogenetic inference by running alignments with ClustaW,
# and trims alignments with TrimAL
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#-------------------------------------------------------------------------------------------------------------------------------------------use strict;
use Data::Dumper;

my $infile = shift;
my $mapped_names = name_map('GENOME_NAME_MAP.csv');
#-------------------------------------------------------------------------------------------------------------------------------------------#Run alignment with a ClustalW call
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system("/usr/bin/clustalw -INFILE=$infile -ALIGN -OUTPUT=PHYLIP");
#--------------------------------------------------------------------------------------------------------------------------------------------

#Trim the alignment with a TrimAL call
system("trimal -in 16s_common.phy -out trimmed_16s_common.phy -gt 0.9 -cons 60 -phylip");
#--------------------------------------------------------------------------------------------------------------------------------------------

open (my $infile_h, "trimmed_16s_common.phy");
open (my $clean_file_h, ">clean_phylip.phy");

while(my $line = <$infile_h>)
{
chomp $line,"\n";
if ($line =~ /^(\w+)\s.+$/)
{
my $genome_name = $1;
my $true_name = $mapped_names->{$genome_name};
$line =~ s/$genome_name/$true_name/;
print $clean_file_h $line,"\n";
}
else
{
print $clean_file_h $line,"\n";
}
}
#--------------------------------------------------------------------------------------------------------------------------------------------

#map the real names back
#-------------------------------------------------------------------------------------------------------------------------------------------sub name_map
{
my ($infile) = @_;

open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %name_map;
while(my $line = <$infile_h>)
{
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chomp $line;
next if $line =~ /^#/;
my ($long_name,$alias,$short_name) = split /\t/,$line;
$name_map{$alias} = $short_name;
}
return \%name_map;
}
#--------------------------------------------------------------------------------------------------------------------------------------------
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Appendix P: Perl program for computing bacterial genome similarity
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script simulates in silico DNA-DNA hybridisation by computing genomic similarity
# between a set of pair-wise whole genome alignment implemented through MUMmer
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#--------------------------------------------------------------------------------------------------------------------------------------------

use strict;
use Data::Dumper;
use Bio::SeqIO;
my $genome_path = shift;
my $threshold = shift;
run_nucmer($genome_path,$threshold);

#format genome entries merge and run nucmer
#--------------------------------------------------------------------------------------------------------------------------------------------

sub run_nucmer
{
my ($genome_path,$threshold) = @_;
chomp (my @genome_names = `ls $genome_path`);
#print join("\t",@genome_names),"\n";
`cd $genome_path;cat * >merged;nucmer -maxmatch -c 10 merged merged 2>nucmer.log;showcoords -rclT out.delta >nucmer.coords`;
my $nucmer_file = $genome_path . "nucmer.coords";
my $match = parse_nucmer($nucmer_file,$threshold);
open (my $matrix_h, ">".$genome_path . "matrix.txt");
print $matrix_h join(",",@genome_names),"\n";
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foreach my $genome (@genome_names)
{
my @row_entry;
my $score;
foreach my $genome2(@genome_names)
{
if ($genome eq $genome2)
{
$score = 1;
push @row_entry,$score;
}
else
{
$score = match_length($genome,$genome2,$match);
push @row_entry,$score;
}
}
print $matrix_h $genome,",",join(",",@row_entry),"\n";
}
}
#compute match length
#--------------------------------------------------------------------------------------------------------------------------------------------

sub match_length
{
my ($ref,$query,$nucmer_ref) = @_;
my $ref_genome_size;
my $size_count = 0;
foreach my $entry(@$nucmer_ref)
{
my $ref_name = $entry->[0];
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my $query_name = $entry->[1];
my $ref_start = $entry->[2];
my $ref_end = $entry->[3];
my $ref_size = $entry->[4]; #added

if ($ref_name eq $ref and $query_name eq $query)
{
my $ref_match = $ref_end - $ref_start;
$size_count += $ref_match;
$ref_genome_size = $ref_size;
}
}
my $coverage = $size_count / $ref_genome_size;
return $coverage;
}
#parse nucmer coord file
#--------------------------------------------------------------------------------------------------------------------------------------------

sub parse_nucmer
{
my ($nucmer_file,$threshold) = @_;
open (my $nucmer_h,$nucmer_file);
my @match;
while(my $line = <$nucmer_h>)
{
chomp $line;
next if $line =~ /^\// or $line =~ /^$/ or $line =~ /\[/ or $line =~ /NUCMER/;

187
my @full_line = split /\t/,$line;
my $ref_name = $full_line[-2];
my $query_name = $full_line[-1];
my $ref_start = $full_line[0];
my $ref_end = $full_line[1];
my $identity = $full_line[6];
my $ref_size = $full_line[7];
if ($identity >= $threshold)
{
next if $ref_name eq $query_name;
my @entry = ($ref_name,$query_name,$ref_start,$ref_end,$ref_size);
push @match,\@entry;
}

}
return \@match;
}
#--------------------------------------------------------------------------------------------------------------------------------------------
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Appendix Q: Perl program for extracting orthologous gene clusters
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script extracts orthologous and paralogous gene identifiers for each of the analysed genomes
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#--------------------------------------------------------------------------------------------------------------------------------------------

use strict;
use Data::Dumper;
#iterate through the genomes
#--------------------------------------------------------------------------------------------------------------------------------------------

my $groups = shift;
my @total_genomes = qw(ca cd ce cg cgr cj ck cu dc gb gn mbaf mbbc ml mm ms mt nf re req resk rj ro sr
tp);
foreach my $tot_gen(@total_genomes)
{
get_genes($groups,$tot_gen);
}
#return the number of genes for a given genome
#--------------------------------------------------------------------------------------------------------------------------------------------

sub get_genes
{
my ($infile,$search_genome) = @_;
open (my $infile_h, $infile);
my $count = 0;
while(my $line = <$infile_h>)
{
chomp $line;
my @all = split /\s+/,$line;
my $cluster_id = shift @all;
my @selected;
foreach my $genome(@all)
{
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my $genome_id = (split /\|/,$genome)[0];
if ($genome_id =~ /^$search_genome$/)
{
push @selected,$genome;
}
}
my $total_genes = scalar(@selected);
$count += $total_genes;
foreach (@selected)
{
my $gi = (split /\|/,$_)[1];
print $gi,"\n";
}
}
}
#--------------------------------------------------------------------------------------------------------------------------------------------

190
Appendix R: Perl programs for microbial pathway enrichment
Data aggregation
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script aggregates gene and pathway annotation data for both core and variable genom,
#for each of the analysed genomes.
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#-------------------------------------------------------------------------------------------------------------------------------------------use strict;
use Data::Dumper;

my $genome_tab_file = "genome_prots.tab";

#the tabulation of the prots file used to identify the core

my $core_gi = 'core_gi.txt';
my $genome_gff = 'genome.gff';
my $genome_path = 'genome.path';
my $core_gi_hash = create_core_gi_hash($core_gi);
my $gff_details = parse_gff($genome_gff);
my $pathway_holder = get_path($genome_path);

mark_core_gi($genome_tab_file,$core_gi_hash,$gff_details,$pathway_holder);

#mark core genes
#-------------------------------------------------------------------------------------------------------------------------------------------sub mark_core_gi
{
my ($infile,$core_gi_hash,$gff_details,$pathway_holder) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
while(my $line = <$infile_h>)
{
chomp $line;
my @full_line = split /\t/,$line;
my $header_details = $full_line[0];
my $gi = (split /\|/,$header_details)[1];
my $prot_id = (split /\|/,$header_details)[3];
my $locus_tag = $gff_details->{$gi}->{"locus_tag"};
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my $pathway_and_id;

if (defined $pathway_holder->{$locus_tag}->{"pathway_name"} and defined $pathway_holder>{$locus_tag}->{"pathway_id"} )
{
my $pathway_name = $pathway_holder->{$locus_tag}->{"pathway_name"};
my $pathway_id = $pathway_holder->{$locus_tag}->{"pathway_id"};
$pathway_and_id = $pathway_id .":". $pathway_name;
}
else
{
$pathway_and_id = "";
}
if (defined $core_gi_hash->{$gi})
{
print $gi,"\t",$prot_id,"\t","core","\t",$locus_tag,"\t",$pathway_and_id,"\n";
}
else
{
print $gi,"\t",$prot_id,"\t","non_core","\t",$locus_tag,"\t",$pathway_and_id,"\n";
}
}
}

#create a hash of core gene ids
#-------------------------------------------------------------------------------------------------------------------------------------------sub create_core_gi_hash
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %gi_hash;

while(my $line = <$infile_h>)
{
chomp $line;
my $gi = $line;
$gi_hash{$gi} = "";
}

192
return \%gi_hash;
}

#get the pathway involved with a gene
#-------------------------------------------------------------------------------------------------------------------------------------------sub get_path
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %pathway_holder;
while(my $line = <$infile_h>)
{
chomp $line;
next if $line =~ /(GENOME_NAME|^$)/;

my @full_line = split /\t/,$line;
my $feature_id = $full_line[4];
my $locus_tag = $full_line[5];
my $gene_name = $full_line[6];
my $product = $full_line[7];
my $ec_number = $full_line[8];
my $ec_name = $full_line[9];
my $pathway_id = $full_line[10];
my $pathway_name = $full_line[11];
$pathway_holder{$locus_tag}{'feature_id'} = $feature_id;
$pathway_holder{$locus_tag}{'gene_name'} = $gene_name;
$pathway_holder{$locus_tag}{'product'} = $product;
$pathway_holder{$locus_tag}{'ec_number'} = $ec_number;
$pathway_holder{$locus_tag}{'ec_name'} = $ec_name;
$pathway_holder{$locus_tag}{'pathway_id'} = $pathway_id;
$pathway_holder{$locus_tag}{'pathway_name'} = $pathway_name;
}
return \%pathway_holder;
}

#parse the gff
#-------------------------------------------------------------------------------------------------------------------------------------------sub parse_gff
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{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %gff_details;
while(my $line = <$infile_h>)
{
chomp $line;
next if $line =~ /^#/;
my @full_line = split /\t/,$line;
my $annotation = $full_line[2];
if ($annotation eq 'CDS')
{
my $def_file = $full_line[8];
my $gi = get_gi($def_file);
my $locus_tag = get_locus($def_file);
my $prot_id = get_prot_id($def_file);
$gff_details{$gi}{"locus_tag"} = $locus_tag;
$gff_details{$gi}{"prot_id"} = $prot_id;
}
}
return \%gff_details;
}
#grab GI
#-------------------------------------------------------------------------------------------------------------------------------------------sub get_gi
{
my ($def_line) = @_;
my @entries = split /;/,$def_line;
my $gi;
foreach my $entry(@entries)
{
if ($entry =~ /Dbxref/)
{
$gi = (split /:/,(split /,/,$entry)[0])[1];
}
}
return $gi;
}
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#grab locus-tag
#-------------------------------------------------------------------------------------------------------------------------------------------sub get_locus
{
my ($def_line) = @_;
my @entries = split /;/,$def_line;

my $locus;
foreach my $entry(@entries)
{
if ($entry =~ /ID=/)
{
$locus = (split /\./,(split /\=/,$entry)[1])[0];
}
}
return $locus;
}

#grab protein_id
#-------------------------------------------------------------------------------------------------------------------------------------------sub get_prot_id
{
my ($def_line) = @_;
my @entries = split /;/,$def_line;
my $prot_id;
foreach my $entry(@entries)
{
if ($entry =~ /protein_id/)
{
$prot_id = (split /\=/,$entry)[1];
}
}
return $prot_id;
}
#--------------------------------------------------------------------------------------------------------------------------------------------
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Contingency table data
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script extract enumerates unique pathways in both the core and the variable genome,
#generating a contingency table for fisher's exact test
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#-------------------------------------------------------------------------------------------------------------------------------------------use strict;
use Data::Dumper;

my $final_file = 'FINAL.txt';
my $pathways = get_uniq_pathways($final_file);
count_core_noncore($pathways,$final_file);

#for each pathway loop through the file counting the number of core and non-core genes
#-------------------------------------------------------------------------------------------------------------------------------------------sub count_core_noncore
{
my ($pathways,$infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
chomp (my @entire_file = <$infile_h>);
foreach my $pathway (keys %$pathways)
{
my @collected_core;
my @collected_noncore;
foreach my $entry(@entire_file)
{
my @full_line = split /\t/,$entry;
my $type = $full_line[2];
my $pathway_name = $full_line[4];

if (defined $pathway_name and $type eq "core" and $pathway_name eq $pathway)
{
push @collected_core,$entry;
}
elsif(defined $pathway_name and $type eq "non_core" and $pathway_name eq $pathway)
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{
push @collected_noncore,$entry;
}
}
print $pathway,"\t",scalar(@collected_core),"\t",scalar(@collected_noncore),"\n";
}
}

#count unique pathways in the genome
#-------------------------------------------------------------------------------------------------------------------------------------------sub get_uniq_pathways
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %pathways;
while(my $line = <$infile_h>)
{
chomp $line;

my @full_line = split /\t/,$line;
my $pathway_name = $full_line[4];
if (defined $pathway_name)
{
$pathways{$pathway_name} = "";
}
}
return \%pathways;
}
#--------------------------------------------------------------------------------------------------------------------------------------------

Fisher's exact test
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script runs the fisher's exact test given a contingency table
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#--------------------------------------------------------------------------------------------------------------------------------------------
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use strict;
use Data::Dumper;
my $pathways = 'found_pathways.txt';
my $ca_core = 673;
my $ca_noncore = 1878;

read_through($pathways,$ca_core,$ca_noncore);

#read through the found pathways and compute fisher
#-------------------------------------------------------------------------------------------------------------------------------------------sub read_through
{
my ($infile,$total_core,$total_noncore) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
while(my $line = <$infile_h>)
{
chomp $line;
my ($pathway_name,$core_count,$non_core_count) = split /\t/, $line;
next if $core_count == 0;
my $a = $core_count;
my $b = $non_core_count;
my $c = $total_core - $a;
my $d = $total_noncore - $b;

#print $pathway_name,"\t",$a,"\t",$c,"\t",$b,"\t",$d,"\n";

chomp (my $pvalue = (split /\s+/,`../fisher.R $a $c $b $d`)[1]);
print $pathway_name,"\t",$pvalue,"\n";
}
}
#--------------------------------------------------------------------------------------------------------------------------------------------
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Appendix S: Perl programs for microbial operon analysis
#!/usr/bin/perl -w
#-------------------------------------------------------------------------------------------------------------------------------------------# This script computes the number and size of microbial operons
#Author: Frederick K. Kamanu - frederick(dot)kamanu(at)gmail.com
#--------------------------------------------------------------------------------------------------------------------------------------------

use strict;
use Data::Dumper;
my $file_path = shift;
chomp (my @genome_files = `ls results`);
foreach my $genome_file (@genome_files)
{
my $genome_file_with_path = $file_path . $genome_file;
my $operon_data = read_file($genome_file_with_path);
my $operon_count = $operon_data->{'operon_count'};
my $operon_average_size = $operon_data->{'operon_average_size'};
print $genome_file,"\t",$operon_count,"\t",$operon_average_size,"\n";
}
#read operon file and return size and count
#--------------------------------------------------------------------------------------------------------------------------------------------

sub read_file
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %operon_count_and_size;
my $operon_count = 0;
my $combined_size = 0;
while(my $line = <$infile_h>)
{
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chomp $line;
my ($operon_id,$operon_size,$members) = split /\t/,$line;
$operon_count += 1;
$combined_size += $operon_size;
}
my $operon_average_size = $combined_size / $operon_count;
$operon_count_and_size{'operon_count'} = $operon_count;
$operon_count_and_size{'operon_average_size'} = $operon_average_size;
return \%operon_count_and_size;
}
#--------------------------------------------------------------------------------------------------------------------------------------------
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Appendix T: Perl program for converting PPI data into a graph
#!/usr/bin/perl -w
use strict;
use Data::Dumper;

my $ppi_data = 'ml_ppi.txt';
my $all_candidates = '10_5_filtered.txt';
my $metabolic_genes = 'metabolic_candidates.txt';
my $ribosomal_genes = 'ribosomal_candidates.txt';
my $hypothetical_genes = 'hypothetical_candidates.txt';
my $other_genes = 'other_candidates.txt';
my $total_candidates = get_all_candidates($all_candidates);
my $metabolic_candidates = get_specific_candidates($metabolic_genes);
my $hypothetical_candidates = get_specific_candidates($hypothetical_genes);
my $ribosomal_candidates = get_specific_candidates($ribosomal_genes);
my $other_candidates = get_specific_candidates($other_genes);

make_gephi($ppi_data,$total_candidates,$metabolic_candidates,$hypothetical_candidates,
$ribosomal_candidates,$other_candidates);

#make gephi node and edge file
#------------------------------------------------------------------------------sub make_gephi
{
my ($infile,$total_candidates,$metabolic_candidates,$hypothetical_candidates,
$ribosomal_candidates,$other_candidates) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my $edge_header = "Source\tTarget\tType\tId\tWeight";
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open (my $edge_h, ">my_edges.csv") || die "cannot open the node output file: $!";
open (my $node_h, ">my_node.csv") || die "cannot open the node output file: $!";
print $edge_h $edge_header,"\n";
my %nodes_tags;
my $edge_id = 1;
while(my $line = <$infile_h>)
{
chomp $line;
my @source_and_target;
my($source,$target,$weight) = split /\t/,$line;
my $type = "Directed";
if (defined $total_candidates->{$source} and defined $total_candidates->{$target})
{
print $edge_h $source,"\t",$target,"\t",$type,"\t",$edge_id,"\t",$weight,"\n";
push @source_and_target,$source;
push @source_and_target,$target;
foreach my $locus_tag(@source_and_target)
{
$nodes_tags{$locus_tag} = '';
}
}
$edge_id += 1;
}
my $node_header = "Nodes\tId\tLabel\tCoreStatus";
print $node_h $node_header,"\n";
foreach my $entry(keys %nodes_tags)
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{
my $node = $entry;
my $id = $entry;
my $label = $entry;
my $corestatus;
if(defined $metabolic_candidates->{$node})
{
$corestatus = 'metabolic_gene';
}
elsif(defined $hypothetical_candidates->{$node})
{
$corestatus = 'hypothetical_gene';
}
elsif (defined $ribosomal_candidates->{$node})
{
$corestatus = 'ribosomal_gene';
}
elsif (defined $other_candidates->{$node})
{
$corestatus = 'other_gene';
}
print $node_h $node,"\t",$id,"\t",$label,"\t",$corestatus,"\n";
}
}
#get core tags
#------------------------------------------------------------------------------sub get_all_candidates
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %all_tags;
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while(my $line = <$infile_h>)
{
chomp $line;
my @full_line = split /\t/,$line;
my $locus_tag = $full_line[0];
$all_tags{$locus_tag} = '';
}
return \%all_tags;
}
#get candidate genes
#------------------------------------------------------------------------------sub get_specific_candidates
{
my ($infile) = @_;
open (my $infile_h, $infile) || die "cannot open the input file: $!";
my %candidate_tags;
while(my $line = <$infile_h>)
{
chomp $line;
my @full_line = split /\t/,$line;
my $locus_tag = $full_line[1];
$candidate_tags{$locus_tag} = '';
}
return \%candidate_tags;
}

