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Abstract

Mycobacterium abscessus subspecies abscessus is a highly drug resistant mycobac-
teria and the most common respiratory pathogen among the rapidly growing non-
tuberculous mycobacteria.

We report here the first multi-omics approach to characterize the primary tran-
scriptome, coding potential and potential regulatory regions of the Mycobacterium
abscessus genome utilizing RNA-seq, dRNA-seq, ribosome profiling and LC-MS
proteomics. In addition, we attempt to address the genome’s contribution to the
molecular systems that underlie Mycobacterium abscessus’ adaptation and persis-
tence in the human host through an examination of Mycobacterium abscessus’
transcriptional responses to a number of clinically relevant conditions. These in-
clude hypoxia, exposure to sub-inhibitory concentrations of antibiotics and growth
in an artificial sputum designed to mimic the conditions within the cystic fibrosis
lung.

To computationally infer the gene regulatory network for Mycobacterium ab-
scessus we propose a novel statistical computational modelling approach: BayesIan
gene regulatory Networks inferreD via gene Expression and compaRative genomics
(BINDER). In tandem with derived experimental expression data, the property of
genomic conservation is exploited to probabilistically infer a gene regulatory network
in Mycobacterium abscessus. In particular, inference on regulatory interactions is
conducted by combining ‘primary data’ from RNA-seq experiments derived from
Mycobacterium abscessus and ‘auxiliary’ ChIP-seq data from the related Mycobac-
terium tuberculosis. The inferred relationships provide insight to regulon groupings
in Mycobacterium abscessus.

We construct an inter-conditional snapshot of the transcriptional landscape in
Mycobacterium abscessus across a range of stress-inducing conditions comprising
exposure to antimicrobial compounds as well as nutrient starvation and iron deple-
tion.

The research herein provides valuable elucidation on the transcriptional means
through which Mycobacterium abscessus persists in hostile environments and me-
diates virulence in the human host.
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Chapter 1

Introduction

1.1 Characterisation of Mycobacteriaceae

Within the phylum of Actinobacteria, the family of Mycobacteriaceae is composed
of a single genus, Mycobacterium (Figure 1.1) (Forbes 2017). The genus comprises
a collection of obligate-aerobic, non-flagellated, rod-shaped bacterial microorgan-
isms. Mycobacteria are Gram-positive, acid-fast and guanine-cytosine (GC) rich
(62-70%) (Cook et al. 2009). The most distinguishing characteristic of Mycobac-
terium is an exceptionally thick, waxy, lipid-rich cell wall composed of long chain
mycolic acid(s) (MA)(Chiaradia et al. 2017). Although largely considered to be
non-motile, certain mycobacteria have been shown to be capable of spreading on
growth media via sliding mechanisms (Martínez, Torello, and Kolter 1999).

1.1.1 Morphology, metabolism and taxonomy of Mycobacterium

Most species within Mycobacterium adapt to grow on relatively simple substrates.
For these species, ammonia or amino acids as a source for nitrogen and glycerol
as a carbon source in the presence of mineral salts are sufficient for growth; some
species within the genus (such as Mycobacterium haemophilum and Mycobacterium
genavense) have extra supplemental requirements (such as mycobactin, hemin or
other iron compounds) (Pfyffer and Palicova 2011). In general, mycobacterial
growth is stimulated by carbon dioxide and fatty acids. Members of Mycobac-
terium have disparate optimum growth temperatures, but most have an optimum
temperature of 30C - 32C (Pfyffer and Palicova 2011; Tortoli 2009).

1
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Mycobacteria are uniquely characterised as having a waxy cell envelope, com-
prising mycolic acids, that mediates an ability to resist acid and ethanol-based
decolorisation (Chiaradia et al. 2017). Mycobacteria are typified by their high lipid
content; in particular, the mycobacterial cell wall can comprise up to 60% of lipids as
compared with some 20% for lipid-rich Gram-negative counterparts (P. Brennan and
Goren 1979). Atypically-long chain MAs covalently bind the cell wall polysaccharide
arabinogalactan (AG); in large part, in combination with other exotic compounds,
the AG’s esterifying trehalose characterise the genus of Mycobacterium (Chiaradia
et al. 2017).

The composition and configuration of these lipids have been implicated in facili-
tating several processes in mycobacteria; these processes include but are not limited
to environmental protection in hostile environments (Lin et al. 2016), mechanical
resistance to most broad-spectrum antibiotics (Abrahams and Besra 2018), imper-
meability to nutrients (Danilchanka et al. 2015), substance transport of solutes and
proteins (Wright et al. 2017), and receptor adhesion (Mahon et al. 2009).

As of the most recent taxonomic changes in the genus Mycobacterium, there
are over 190 recognised species of Mycobacterium (Khosravi et al. 2017). These
species are typically split into three disjoint groups: the Mycobacterium tuberculosis
complex (MTBC) (Barbier and Wirth 2016), nontuberculous mycobacteria (NTM)
(Koh 2017) and Mycobacterium leprae (Bratschi et al. 2015).

1.1.2 Nontuberculous mycobacteria

Nontuberculous mycobacteria (NTM) refers to all mycobacteria excluding the MTBC
and Mycobacterium leprae (Figure 1.1) (Koh 2017). NTM are considered emerg-
ing pathogens that are capable of causing virulence in both immunocompromised
(Honda, Knight, and Chan 2015) and immunocompetent subjects (Kim et al. 2008).
The classification of NTM has benefitted to a large extent from increasingly precise
characterisation techniques (such as whole-genome shotgun sequencing) (Ng and
Kirkness 2010).

Both incidence and prevalence of disease mediated by NTM have been increasing
in recent years (Stout, Koh, and Yew 2016). Where etiology is owing to NTM, hu-
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Figure 1.1: Whole-genome phylogeny of the Mycobacterium genus reconstructed
using the newly sequenced genomes and the ones that were already available: The
tree is built using the concatenated alignments of the 243 fully conserved genes
within the genus with the maximum-likelihood inference approach implemented in
RAxML65 (see Methods) and displayed using GraPhlAn74. Colored shades high-
light the Mycobacteria groups/complexes including the newly inferred assignments
supported by the phylogeny. External to the phylogeny, we annotate the original
group assignments and, for each strain, whether it is a newly sequenced or already
sequenced strain, whether it is a type strain, its growth rate, its average GC con-
tent and the number of identified ORFs. The lengths of the outer black bars are
proportional to the total genome length. The abbreviations used in this figure are
reported in Supplementary Table 2. From Fedrizzi et al. (2017)
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man disease is partitioned into four disjoint clinical syndromes: chronic pulmonary
disease, lymphadenitis, cutaneous disease and disseminated disease (Griffith, Ak-
samit, et al. 2007). Although capable of causing a range of infections, nontuber-
culous mycobacterial pulmonary disease is of most concern (Kasperbauer and Huitt
2013).

The primary NTM species responsible for mediating pulmonary disease are
the Mycobacterium avium complex (MAC), the Mycobacterium abscessus com-
plex (MABC) and Mycobacterium kansasii (Koh 2017).

The burden of infection by NTM is primarily on elderly subjects and immuno-
compromised subjects — especially subjects with bronchiectasis or cystic fibrosis
(CF) (Honda, Knight, and Chan 2015; Bryant et al. 2013). With respect to trans-
mission, almost all infection is assumed to be owing to environmental NTM, with
person-to-person transmission almost imperceptible; more recently, there has been
documentation of the latter between CF subjects (Bryant et al. 2013).

1.1.3 Rapidly growing mycobacteria

Rapidly growing mycobacteria (RGM) constitute approximately 50% of all currently
identified species in Mycobacterium (Figure 1.1) (Brown-Elliott and Philley 2017).
Distinct from slow growing mycobacterial species like Mycobacterium leprae which
recent experimental evidence suggests does not undergo exponential growth and
can take over 60 days to appreciably increase cell count (Amako et al. 2016), RGM
are typically defined as mycobacteria that form clearly visible colonies within 7 days
on subcultures (Brown-Elliott and Philley 2017).

There are currently over 75 recognised species of RGM; they are divided into six
sub-taxa: theMycobacterium fortuitum group, theMycobacterium chelonae/Mycobacterium
abscessus group, the Mycobacterium smegmatis group, the Mycobacterium muco-
genicum group, the Mycobacterium mageritense/Mycobacterium wolinskyi group
and the pigmented RGM (Brown-Elliott and Wallace Jr 2002). The three most
clinically relevant RGM, representing over 80% of clinical isolates are M. fortuitum,
M. chelonae and M. abscessus (Brown-Elliott and Wallace Jr 2002).



1.1. CHARACTERISATION OF MYCOBACTERIACEAE 5

1.1.4 Etiology and epidemiology of Mycobacterium

With regard to pathogenicity, mycobacteria exhibit diverse characterisation; in par-
ticular, Mycobacterium comprises non-pathogenic (NP), totally pathogenic (TP)
and opportunistic pathogenic (OP) species (Rahman et al. 2014).
The NP mycobacterial species typically refer to saprophytic mycobacterial species
that are incapable—or only capable under extremely rare conditions—of causing
disease; they include Mycobacterium smegmatis and M. fortuitum (Rahman et al.
2014).
The TP group pertains to the collection of mycobacterial obligate pathogens and
is enumerated by the union of members of the MTBC and M. leprae groups. Nat-
urally, M. tuberculosis and M. leprae, the etiological agents of tuberculosis (TB)
and leprosy, partially form this grouping (Rahman et al. 2014).
The OP group pertains to the group of NTM and is so-called because species
in this group typically need to exploit host immunodeficiency in order to mediate
virulence; OP mycobacteria include the MABC and the MAC (Rahman et al. 2014).

In general, pathogenic mycobacteria are capable of exhibiting virulence on a di-
verse scale. In particular, in addition to diseases such as TB and leprosy, mycobacterial-
mediated disease includes bacterermia disease, ocular disease, general soft-tissue
disease and, most notably, pulmonary nontuberculous mycobacterial disease (Lee
et al. 2015).
TB remains in the top 10 causes of death worldwide (World Health Organisation
2018). In 2017, 10 million people developed TB with 1.6 million deaths owing to the
disease (World Health Organisation 2018); in addition, there were over 200,000 new
cases of leprosy registered worldwide in 2017 (World Health Organisation 2019a).
The burden of nontuberculous mycobacterial disease is particularly noteworthy: in
2010, there were estimated to be 86,244 cases in the United States, of which 87%
were inpatient related. Moreover, this incidence came at at cost $709 million in
inpatient related costs and a further $106 million in outpatient-associated costs
(Strollo et al. 2015). The same study included 4-year projections comprising a
significant increase in the incidence (181,037 annual cases) and burden ($1.7 bil-
lion) of nontuberculous mycobacterial disease (Strollo et al. 2015). Although the
relationship between TB and disease mediated by NTM requires more research,
interestingly, in many areas, the incidence of NTM mediated disease is increasing
whilst TB incidence is decreasing, possibly rendering the emergent NTM pathogens
as the greater threat in the future (Brode, Daley, and Marras 2014).
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1.1.5 Morphology of M. abscessus

Like other mycobacterial species,M. abscessus is an aerobic, non-flagellating, bacillus-
like bacterium; however, in order to infect subjects, M. abscessus is able to exploit
an ability to oscillate in phenotype from a “smooth" phenotype to a “rough" phe-
notype (Byrd and Lyons 1999).
The presence of glycopeptidolipid (GPL) in the cell wall facilitates the manifesta-
tion of the smooth phenotype in M. abscessus (Figure 1.2). Crucially, the smooth
phenotype is capable of performing sliding motility and biofilm formation, allowing
for colonisation of the host lung (Howard et al. 2006).

The rough phenotype is characterised by a lack of GPL in the cell wall and an
ability to exhibit an M. tuberculosis-like feature of cording (Sánchez-Chardi et al.
2011). Cording refers to the process through which bacterial cells can form linear
colonies end-to-end on a growth surface (Yamagami et al. 2001). InM. tuberculosis,
cording is made possible by cord factor. Cord factor is a glycolipid molecule found
in the cell wall of some mycobacterial species (Howard et al. 2006). Cord factor
is virulent towards mammalian cells and has been observed to influence immune
responses and induce the formation of granulomas (Howard et al. 2006).

Notably, the rough phenotype of M. abscessus is associated with replication in
macrophages and forming invasive microcolonies (Howard et al. 2006). Further-
more, the rough phenotype has been the majority clinically isolated phenotype from
subjects with chronic pulmonary disease whilst the smooth phenotype has been
more commonly associated with environmental contaminants and from wound iso-
lates (Jönsson et al. 2007) (Kreutzfeldt et al. 2013).

Rough phenotype M. abscessus variants have been shown to arise from smooth
phenotype M. abscessus colonies. Furthermore, GPL is immunologically inert and
the rough phenotype is overrepresented amongst isolated M. abscessus phenotypes
involved in pulmonary disease as compared with those isolated from environmental
contexts. This suggests that M. abscessus accesses the lung as a GPL-expressing
smooth variant. Latterly, a loss of GPL expression facilitates the emergence of the
pathogenic rough phenotype capable of eliciting an inflammatory response and in-
flicting invasive pulmonary disease (Ryan and Byrd 2018).
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Figure 1.2: Cell wall localization, structure, and genomics of GPL. (A) Schematic
representation of the Mycobacterium abscessus envelope, with a special focus on
the plasma membrane proteins participating in the transport of GPL and on the
inner and outer leaflets of the mycomembrane impregnated with various extractible
lipids such as GPL. (B) Structure of the diglycosylated (apolar) and triglycosylated
(polar) GPL. As GPL represent a highly heterogenous population of lipids, only one
structure is depicted. Modifications can occur in the lipid chain length or in the
hydroxylation/O-methylation status of the various monosaccharides. (C) Genomic
organization of the gpl and tpp loci in Mycobacterium smegmatis, Mycobacterium
abscessus, and Mycobacterium avium. Arrows indicating the transcription orien-
tation of the different genes are drawn to scale. A color code has been used to
specify the participation of these genes in synthesis of the lipopeptide core, gly-
cosylation, methylation, acetylation, transport and other biological functions, as
indicated. Genes in the tpp locus are displayed in pink. From Gutiérrez et al.
(2018)
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It is currently believed, in subjects with abnormal pulmonary airways, such as
those with bronchiectasis, that, owing to reduced mucociliary clearance, smooth
variant biofilm formation allows for pulmonary colonisation for latterly emerging
rough variants. The emerging rough phenotypes are hypothesised to elicit an in-
flammatory response via cell wall constituents like phosphatidyl-myo-inositol man-
nosides (PIM) which are detected by toll-like receptor 2 (TLR2). These constituents
are unmasked and, hence, detectable by TLR2 through the loss of GPL (Ryan and
Byrd 2018) (Qvist et al. 2015).

The switching of phenotypes from rough to smooth has been linked to a genetic
mutation in a gene that codes for an MmpL protein involved in cell wall formation.
In addition, it has been documented that GPL expression is dependent on tempera-
ture and is reversible. Under this hypothesis, GPL is expressed at lower temperatures
and not expressed at higher temperatures. This hypothesis is consistent with the
concept that higher intra-lung temperatures act as an environmental cue for the
cell to transition from the smooth phenotype to the rough phenotype (Figure 1.3)
(Ryan and Byrd 2018) (Rhoades et al. 2009). The complete implications of the
smooth and rough phenotypes in M. abscessus will require additional research.

1.1.6 Evolution of Mycobacterium abscessus within Mycobac-
teriaceae

Several comparative genomics studies focussing on mycobacteria have been carried
out (McGuire et al. 2012) (Wee, Dutta, and Choo 2017). The results of these stud-
ies have elucidated on the unifying and distinguishing pathways and gene families
constituting the commonality and disparity within Mycobacteriaceae.

In general, slowly growing mycobacteria (SGM) comprise smaller genomes than
RGM (Figure 1.1); with few exceptions, SGM genomes tend to be smaller than
6Mbp whilst RGM genomes tend to be larger than 6Mbp (Wee, Dutta, and Choo
2017). Unusually for an RGM, M. abscessus has a genome size of approximately
5Mbp; this is still larger than many SGM genomes such as M. tuberculosis (Wee,
Dutta, and Choo 2017).

Relative to the common ancestor of RGM and SGM, it has been estimated that
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Figure 1.3: Environmental Mycobacterium abscessus (MABS) isolates have the
smooth colony morphotype and express glycopeptidolipid (GPL). GPL in the out-
ermost aspect of the cell wall “masks” underlying glycosylated lipoproteins such as
PIMs involved in immune recognition and blocks the bacterial cell–cell interaction
of lipids such trehalose polyphleates which may play a role in clumping and cord
formation. By preventing MABS from being recognized by innate immune surveil-
lance mechanisms and promoting biofilm formation, GPL facilitates colonization of
bronchiectatic lung airways. After colonization, spontaneous or temperature sen-
sitive loss of GPL is associated with “unmasking” of these molecules. This leads
to recognition by TLR2 on macrophages and respiratory epithelial cells resulting in
release of the proinflammatory cytokines TNFα (from macrophages) and IL-8 (from
respiratory epithelial cells). Rough variants acquire a virulent phenotype character-
ized by the ability to grow in serpentine cords and cause macrophage apoptosis
leading to rapid cell–cell spread and propagation of infection. Isolation of MABS
rough variants from the sputum is associated with progressive lung infection. From
Ryan and Byrd (2018)
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Figure 1.4: The recombination rate and number of genes gain and lost during the
evolution of the Mycobacterium species. From Wee, Dutta, and Choo (2017)

RGM have gained over 50 genes and lost less than 10 genes whilst SGM are es-
timated to have gained over 70 genes but lost over 50 genes (Wee, Dutta, and
Choo 2017). In agreement with this observation it has been hypothesised that
SGM evolved from ancestral RGM (Figure 1.4) (Devulder, Pérouse de Montclos,
and Flandrois 2005).
Amongst the ancestral genes lost by SGM are extracellular nutrient access genes
which exert control over the growth rate of the bacteria (Wee, Dutta, and Choo
2017). These genes comprise the leucine, isoleucine, and valine (LIV) transport
system which has been shown to accelerate growth in bacteria as well as the mspA
poirin protein which facilitates cellular uptake of polar nutrients and has been shown
to accelerate growth in both SGM and RGM (Conner and Hansen 1967) (Mailaen-
der et al. 2004). These observations are consistent with accelerated growth rates
in RGM.

Perhaps the most unifying genetic commonality across Mycobacterium pertains
to lipid metabolism: relative to other members of Corynebacterineae such as Nocar-
dia and Rhodococcus, genes involved in fatty acid metabolism are greatly expanded
in mycobacteria (McGuire et al. 2012). Obligate pathogens within Mycobacterium
tend to comprise larger numbers of genes up-regulated in the presence of saturated
fatty acids whilst the OP and NP mycobacteria such as M. abscessus tend to com-
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prise larger numbers of genes up-regulated in the presence of unsaturated fatty acids
(McGuire et al. 2012). This observation is hypothesised to be the result of environ-
mental adaptation: OP and NP mycobacteria are typically found in environmental
surroundings, such as soil, where unsaturated fatty acids are more abundant whilst
saturated fatty acids are more common where obligate pathogens reside (i.e. animal
hosts) (McGuire et al. 2012).

From a sample of 28 mycobacterial species, only 5% of gene clusters (as defined
by Wee, Dutta, and Choo 2017) of Mycobaceriaceae are core genome and of the
remaining 95% accessory gene clusters, it has been estimated that approximately
40% is comprised of species-specific gene clusters (Wee, Dutta, and Choo 2017).
Among these 28 species, M. abscessus is estimated to have over 800 species spe-
cific gene families (as defined by Wee, Dutta, and Choo 2017), second only to
the much larger genome of Mycobacterium brisbananse (7.69Mbp) (Wee, Dutta,
and Choo 2017). In contrast, M. abscessus is estimated to have lost less than 25
genes relative to its most recent common mycobacterial ancestor (Wee, Dutta, and
Choo 2017). Of these species-specific genes, many pertain to transcription, includ-
ing 32 transcriptional regulators. Unique transcriptional strategies may fulfil a role
in transcription-mediated adaptive response in hostile environments (Wee, Dutta,
and Choo 2017). A sizeable proportion of the species-specific genes are associated
with quorum sensing, a process through which bacterial cells receive information re-
garding cell population density and coordinate collective gene expression regulation
accordingly (Wee, Dutta, and Choo 2017) (Bareia, Pollak, and Eldar 2018).

The self-nonself discrimination system comprises restriction modification (RM)
systems that attack non-self invaders and the clustered regularly interspaced short
palindromic repeats (CRISPR) system can memorise the non-self invader for attack
at a later stage (Sadykov 2016) (Grissa, Vergnaud, and Pourcel 2007). Interestingly,
there is a notable absence of identified defence system genes in M. abscessus; no
complete RM or CRISPR system could be identified in the M. abscessus genome.
Furthermore, no toxin-antitoxin (TA) system could be identified either (Makarova,
Wolf, and Koonin 2013). The lack of identified defence systems in M. absces-
sus suggests that horizontal gene transfer (HGT) may assist in explaining the large
species-specific genomic component in M. abscessus relative to other mycobacterial
genomes.

Genes belonging to the mycobacterial proline-proline-glutamate (PPE) family are
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involved in mediating virulence through antigenic variability and typically constitute
part of the ESX secretion system in SGM (Delogu, M. Brennan, and Manganelli
2017). Like many RGM, PPE-associated genes in M. abscessus are greatly reduced
relative to the pathogenic SGM; however, outside of the MTBC and M. leprae, M.
abscessus has one of the larger collections of genes associated with pathogenesis
(McGuire et al. 2012).

The tetR family of transcriptional regulators pertains to a collection of tran-
scription factors that are strongly associated with regulating antibiotic response
and mediating resistance. TetR-regulated systems often comprise efflux-based sys-
tems (Cuthbertson and Nodwell 2013). M. abscessus has been shown to contain
one of the highest prevalences of tetR family transcriptional regulators in Mycobac-
teriaceae (McGuire et al. 2012).

1.1.7 Etiology and epidemiology of M. abscessus

M. abscessus was first described in 1953 as an acid-fast bacterium and the etio-
logical agent behind an infection causing lesions that were said to have “showed
caseation necrosis and tuberculoid structures suggestive of tuberculosis" (Moore
and Frerichs 1953). The authors noted distinctive characteristics of morphology,
varied growth on different media and biochemical properties that were distinct from
other mycobacteria as justification for deciding upon its status as a new species.
The species name was selected “because of the ability of the organism to produce
deep, subcutaneous abscesses" (Moore and Frerichs 1953).

Until 1992, when genetic analysis revealed the unique constituents of the M.
abscessus genome, M. abscessus was considered to be a subspecies of M. chelonae
(Kusunoki and Ezaki 1992). Today, M. abscessus is recognised as a rapidly growing
member of the nontuberculous mycobacteria (Brown-Elliott and Philley 2017) (Koh
2017). It is a pathogenic Mycobacterium capable of causing a variety of soft tissue
infections (Lee et al. 2015). M. abscessus is widely considered to be a pathogen
adapted for different niches in the host lung environment and, as such, broncho-
pulmonary infection is the most common clinical presentation (Ryan and Byrd 2018).

Like other NTM, M. abscessus is present in water, biofilms, soil and aerosols
(Sfeir et al. 2018). The implication of this is that M. abscessus exists naturally
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Figure 1.5: Worldwide distribution of different nontuberculous mycobacteria from
pulmonary samples in 2008. a) Mycobacterium avium complex; b) M. kansasii ; c)
M. xenopi ; d) M. malmoense; e) M. abscessus; and f) M. fortuitum. Note: the
data presented in this figure are not per se representative for each country. Species
diversity may differ per country. From Hoefsloot et al. (2013)

within the framework of the human environment (such as drinking water distri-
bution systems) (Thomson et al. 2013); thus, the potential for exposure to M.
abscessus is enormous. The ubiquity of infection of M. abscessus is of particular
concern. After the MAC, M. abscessus is the most common NTM clinical pul-
monary isolate in the United States (Prevots and Marras 2015). Furthermore M.
abscessus is the most common clinical pulmonary isolate in parts of Asia and tends
to have higher incidence in western United States (Figure 1.5). M. abscessus is the
most common RGM clinical isolate (Umrao et al. 2016; Spaulding et al. 2017).

Disease mediated by M. abscessus in humans is more prevalent among the el-
derly and immuno-compromised subjects, particularly subjects with pulmonary issues
such as bronchiectasis, CF, etc. (Griffith, Girard, and Wallace Jr 1993). Community
acquired localised skin, soft tissue and/or bone disease can occur upon traumatic
injury involving contaminated soil (Petrini et al. 2006).

Tumor necrosis factor α (TNF-α) promotes the inflammatory response, and,
as such, can cause some of the clinical problems associated with conditions such
as rheumatoid arthritis (Winthrop et al. 2009). As with M. tuberculosis infection,
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M. abscessus is strongly associated with anti-TNF-alpha treatment-associated in-
fection, such as immunosuppressive therapies and rheumatoid arthritis therapies
(Winthrop et al. 2009).

The interferon γ/interleukin 12 (IFN-γ/IL-12) pathway is an immunological re-
sponse that is designed to kill intracellular mycobacteria (Valour et al. 2016). Re-
cent studies suggest that 32% of IFN-gamma/IL-12-associated infections were due
to M. abscessus. Many of these infections were multifocal, infecting lymph nodes,
osteoarticular tissue, lungs, skin and/or soft tissues (Valour et al. 2016). Many
healthcare-related cases ofM. abscessus infection have been documented: they have
been associated with colonised water sources (Brown-Elliott and Wallace Jr 2002),
post-surgical infection (Brown-Elliott and Wallace Jr 2002), insertion of prosthetic
devices (Brown-Elliott and Wallace Jr 2002), post-injection infection (Villanueva
et al. 1997), and lung transplant-associated infections (Baker et al. 2015). Warm
humid climates and high atmospheric vapour pressure have been associated with
the prevalence of M. abscessus infection (Nagano et al. 2017).

1.1.8 Modes of resistance in M. abscessus

Antibiotic mechanisms of action can typically be categorised in terms of 4 broad
classes of mechanism: (1) inhibition of nucleic acid synthesis (C. Ma, Yang, and
Lewis 2016), (2) inhibition of protein synthesis (Brandi et al. 2008), (3) inhibition of
cell wall synthesis (Abrahams and Besra 2018) and (4) alteration of cell membranes
(Wilmes and Sahl 2017) (Figure 1.6). Antibiotics can have a bactericidal effect
or a bacteriostatic effect, i.e. prevent the bacteria from reproducing (Pankey and
Sabath 2004).

The World Health Organisation has named antibiotic resistance, the ways and
means through which bacteria acquire immunity to antimicrobial agents to which
they were previously vulnerable, as one of the most important public health threats
of the 21st century (World Health Organisation 2019b). Furthermore, antibiotic
resistance is projected to cause around 300 million premature deaths by 2050, com-
pounded with a loss of up to $100 trillion globally (O’Neill 2014).

Within bacterial cells, there are four primary modes of mediating resistance to
antibiotics: (1) modification of the antibiotic molecule, (2) modification of the tar-
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get site, (3) cell wall impermeability and (4) antibiotic efflux (Figure 1.6) (Munita
and Arias 2016).

Owing to the ability of M. abscessus to form biofilms, the impermeability of
an exceptionally thick cell wall rich in MA, the efficacy of expressed efflux systems
and, in particular, the expression of erythromycin resistance genes, M. abscessus is
one of the most antimicrobially resistant organisms and the most chemotherapy-
resistant RGM (Brown-Elliott and Wallace Jr 2002) (Petrini 2006). In addition,
in vitro studies have shown that most antimicrobial options available for treating
M. abscessus infection are bacteriostatic (Greendyke and Byrd 2008). Constituent
peptidoglycan, arabinogalactan polysaccharide and long-chain MAs that form the
M. abscessus cell wall have been shown to contribute to antimicrobial resistance
in mycobacteria via cell-wall based permeability barriers (Greendyke and Byrd 2008).

Although, the intrinsic resistance of Mycobacterium to most antibiotics is often
attributed to the lack of permeability of the mycobacterial cell wall, extrusion-based
mechanisms such as efflux pump systems also provide resistance by expelling an-
timicrobial compounds that permeate the cell. Many drug efflux pumps have been
identified in M. abscessus including the major facilitator superfamily (MFS), the
ATP-binding cassette (ABC) superfamily as well as MmpS5/MmpL5-based efflux
systems (Hurst-Hess, Rudra, and Ghosh 2017) (Richard et al. 2018).

Mycobacterial genomes typically comprise several macrolide resistance-associated
rRNA methylase genes (including erythromycin ribosome methyltransferase (erm)(37)
in M. tuberculosis) — all of which are inducible (Andini and Nash 2006). erm(41)
is a gene contained within the M. abscessus genome and whose expression con-
fers resistance with respect to the use of macrolide-based antimicrobial compounds
against M. abscessus. Erm(41) has been shown to confer resistance in M. absces-
sus to clarithromycin, erythromycin and the ketolide HMR3004 and has been shown
to confer resistance to clindamycin and telithromycin in M. smegmatis (two com-
pounds to which M. abscessus has intrinsic resistance) (Nash, Brown-Elliott, and
Wallace Jr 2009). Many mycobacterial erythromycin ribosome methyltransferase
(erm) genes are believed to be regulated by translational attenuation, e.g. trans-
lational attenuation caused by erythromycin-mediated ribosomal disruption) (Min
et al. 2008). Given that there is evidence of a leader peptide and stable RNA
loop structures in the upstream region of erm(41), translational attenuation was
suggested as a possible inducer of erm(41). However, the similarity of erm(41)’s
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Figure 1.6: Mechanisms of action of antimicrobial drugs and ways by which my-
cobacteria become resistant to them. From Nasiri et al. (2017)

upstream sequence in M. abscessus to erm(37)’s upstream sequence in M. tuber-
culosis in addition to more recent gene deletion studies, suggests that, like erm(37)
in M. tuberculosis, erm(41) is regulated in M. abscessus by an ortholog of the M.
tuberculosis transcription factor whiB7 (Nash, Brown-Elliott, and Wallace Jr 2009).

Although resistance mechanisms such as erm(41) have been identified in M.
abscessus, more research is needed to develop a full understanding of the modes of
antimicrobial resistance in M. abscessus.

1.1.9 Genome annotation in bacteria

The advent of whole genome sequencing has revolutionised genome annotation.
Glimmer is an approach for finding genes in microbial DNA, especially the genomes
of bacteria (Salzberg et al. 1998). Glimmer implements interpolated Markov model(s)
(IMM) to identify the coding regions and distinguish them from noncoding DNA.
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Although whole genome sequencing can characterise the DNA sequence specific
to an organism, it does not provide annotation with respect to its genic elements.
Given an entire DNA sequence, computational annotation of the latent genic el-
ements with respect to their genomic coordinates, their RNA structures, protein
sequence, regulatory networks and functional pathways is theoretically possible. In
fact, there are several in silico approaches designed for each task. Given a genome
in the form of a collection of contigs (overlapping DNA fragments), the RAST ap-
proach incorporates many of these approaches to implement a pipeline for compu-
tational genome annotation (Aziz et al. 2008). RAST calls tRNA and rRNA genes,
calls protein-coding genes using GLIMMER2, establishes a phylogenetic context to
refine predictions, and constructs metabolic reconstructions (Aziz et al. 2008).

However, in order to more reliably validate genic features, establish gene reg-
ulatory network(s) (GRN) and determine condition-specific differential regulation
of genes, a quantified map of expression at all levels of genic regulation must be
generated. RNA sequencing (RNA-seq) is a method used to quantify the relative
abundance of RNA transcripts across the entire genome under given experimental
conditions (Hoeijmakers, Bártfai, and Stunnenberg 2013); during this method, RNA
molecules produced under a given experimental condition are isolated, fragmented,
reverse-transcribed, sequenced into read libraries. Each read (fragmented nucleotide
sequence) is then aligned to the relevant organism’s genome in proportion with their
relative abundance in the sample.
The relative levels of RNA abundance of genes can be compared across conditions
to develop a profile of the genes delineating the condition-specific transcriptional
response. The edgeR package implements an over-dispersed Poisson approach to
modelling differential expression of replicated count data arising from RNA-seq ex-
periments (Robinson, McCarthy, and Smyth 2010).
Differential RNA-seq (dRNA-seq) facilitates the mapping of transcription start site(s)
(TSS) across the entire genome by treating one of two cDNA libraries with ter-
minator exonuclease (Babski et al. 2016; Bischler, Kopf, and Voß 2014). Given
that terminator exonuclease digests RNAs with 5’-monophosphates but not 5’-
triphosphates, treating one of two cDNA libraries with 5’-dependent terminator
exonuclease leads to a greater enrichment of primary transcripts in the treated sam-
ple compared with that of the untreated sample. The differences in read profiles
are then used to annotate the primary 5’-ends of the transcripts.
Ribosome profiling (ribo-seq) builds on the RNA-seq protocol such that only RNA
from immobilised ribosome-RNA complexes are protected from degradation (by the
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ribosome) from ribonuclease enzymes. This allows for the identification of protein
coding features and the determination of the open reading frame (ORF) therein (In-
golia 2016). Liquid chromatography-mass spectrometry (LC-MS) separates, ionizes
and identifies the chemical composition of unlabelled compounds by reconciling the
mass to charge ratio of the compounds with that of known isotopes. In this way,
LC-MS enables the mapping of polypeptides and, hence, proteins expressed in the
presence of certain experimental conditions (Y. Zhang et al. 2016).
The combination of these approaches allows for the development of an integrated
genome map that comprises aspects of transcription, post-transcription, translation
and post-translation. This map facilitates comprehensive and, where relevant, con-
dition specific, genome annotation and expression abundance as well as providing
insight on genic regulation and interactions.

1.2 Transcription in mycobacteria

In order to sustain life, bacterial organisms, like mycobacteria, must be able to adapt
appropriately to environmental contexts. Bacteria achieve this adaptation by mak-
ing efficient use of their genetic material to make the right products in the correct
amounts in response to perceived environmental cues (Browning and Busby 2004).
The concept of the flow of information from DNA to RNA to protein is often given
the cursory summary “DNA to RNA to protein" and is so important to life that it
has been, somewhat erroneously, referred to as the central dogma of biology (Cobb
2017).

Although there are several steps involved in the generation of a final protein
conformation from a templated DNA sequence, transcription is arguably of most
significance. Understanding transcriptional control and how such control is me-
diated by each step in the pathway between gene and function is of paramount
importance in gaining insight into how pathogenic bacteria invade hosts, evade
immune responses and mediate virulence. In particular, transcription refers to the
process through which RNA polymers are synthesised as stipulated by a correspond-
ing DNA polymer. In bacterial organisms, once the double-stranded double-helix
of DNA is unwound via helicase activity and the single strand template of DNA
is accessible, the process of transcription from DNA to RNA is chiefly facilitated
by the enzyme RNA polymerase (RNAP) in tandem with regulatory DNA-binding
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proteins referred to as transcription factors.

Although transcription in Mycobacterium mimics the process discovered in Es-
cherichia coli, there are some notable differences in the transcriptional machinery
(Hubin et al. 2017).

• In M. tuberculosis, the -10 element has been shown to be highly conserved
and the only essential element for Group 1 sigma promoters (Hubin et al.
2017). Furthermore, M. tuberculosis has been shown to use the extended -10
element to a similar extent (15%) as E. coli (18%) (Hubin et al. 2017).

• E. coli has been shown to use the paradigmatic -10/-35 promoter architecture
to a much greater extent (43%) than M. tuberculosis (19%) (Hubin et al.
2017).

• E. coli uses UP-elements to a much greater extent (15%) thanM. tuberculosis
(3.2%); however, UP-elements tend to be AT-rich whilst M. tuberculosis is
GC-rich; UP-elements are 3.3-fold enriched over random in E. coli and 2.1-fold
enriched over random in M. tuberculosis (Hubin et al. 2017).

In addition to the DNA-binding sequences, there are several differences between
the topology of RNAP holoenzyme in M. tuberculosis and RNAP holoenzyme in
E. coli. Perhaps most notably, although Group 1 sigma factors, proteins needed for
initiation of transcription in bacteria, are among the most conserved proteins across
all bacteria, Group 1 sigma’s σN that harbours σ70

1.1 bears no structural relationship
with the σA N-terminal extensions for Actinobacteria (Hubin et al. 2017). It has
been suggested that Actinobacteria σA

N licenses access of nucleic acids to the active
site channel (as σ70

1.1 does in E. coli), but in a mechanistically unique way (Hubin
et al. 2017).

Intrinsic transcription termination in bacteria requires a structured region com-
prising 7-9 nucleotides constituted mostly from uracil residues (Czyz et al. 2014).
Mycobacteria are GC-rich and tend not to comprise long A/T(U) tracts. Mycobac-
teria have been shown to terminate at canonical terminators with imperfect U tracts
with greater efficiency than E. coli (Czyz et al. 2014).

In addition to generalist sigma factors that facilitate binding of the RNAP,
bacterial cells also rely on specialist proteins that directly mediate regulation of
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transcription, and, indirectly, translation, of gene expression, so-called transcrip-
tion factor(s) (TF) (Browning and Busby 2004). Although sigma factors satisfy
the criteria for most definitions of a TF, owing to the ubiquity and essentiality of
sigma factors (along with the -10 and -35 elements) for transcription of virtually
all genes, the term “transcription factor" typically excludes sigma factors. Like the
-10 and -35 elements located in the 5’ untranslated region(s) (UTR) of genes that
bind sigma factors, TFs recognise and bind to a specific DNA element, usually in
the 5’UTR of their target gene(s) (Browning and Busby 2004). These DNA ele-
ments comprise sequences that possess an affinity for a specific TF or family of TFs,
so-called transcription factor binding site(s) (TFBS). Generalist sigma factors are
necessary for the initiation of virtually all transcription events; however, only genes
under the regulation of a specialist transcription factor will contain associated TFBS
elements. The specificity of these binding elements allows a TF to regulate only the
genes that are required to achieve a environment-specific cellular response (Brown-
ing and Busby 2004). The set of all genes comprising a TFBS for a given TF and,
hence, subject to regulation by that TF is referred to as the regulon of that TF.
The extent of TF regulons widely varies from one or two genes to large proportions
of the entire genome. There are many instances of TF regulons conserved across
bacteria. There are several mechanisms of transcription factor mediated regulation:
when a TF binds to a TFBS, a protein-DNA complex is formed; depending on the
surrounding context, TFs can have activating or repressive effects on gene expres-
sion.

Transcription factor mediated activation of expression: TFs can initiate and/or
increase the rate of transcription by enabling access or stabilising the binding of
the transcriptional apparatus during transcriptional initiation and/or elongation. In
terms of activation at simple promoters, there are three classes of activation: ClassI
activation refers to the process where the activator TFs make contact with the al-
phaCTD (an RNAP-subunit) thereby recruiting RNAP holoenzyme to the promoter;
ClassII activation pertains to the situation where the activator TFs bind to a region
near the -35 element and facilitate the binding of the RNAP holoenzyme; finally,
ClassIII describes a situation wherein activator TFs binding near the -10 and -35
elements realign the RNAP holoenzyme through conformational changes such that
the RNAP holoenzyme can bind the promoter regions (Figure 1.7) (Browning and
Busby 2004).
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Figure 1.7: Activation at simple promoters. The figure illustrates the organization
of RNA polymerase and activator subunits during activation at simple promoters.
Many activators function as dimers, and are shown as dimers here. Interacting
proteins are shown adjacent to each other. a | Class I activation. The activator is
bound to an upstream site and contacts the αCTD of RNA polymerase, thereby
recruiting the polymerase to the promoter. b | Class II activation. The activator
binds to a target that is adjacent to the promoter –35 element, and the bound
activator interacts with domain 4 of σ70. In most cases, to contact domain 4 of
σ70 the class II activator must bind at, or near to, position –41.5. c | Activation
by conformation changes. The activator (shown in blue) binds at, or near to, the
promoter elements and realigns the –10 element and the –35 element so that the
RNA polymerase holoenzyme can bind to the promoter. From Browning and Busby
(2004)
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Transcription factor mediated repression of expression: TFs can mediate re-
pression of transcription by binding to DNA in the vicinity of the -10 and -35 ele-
ments thereby sequestering the promoter regions and preventing the transcriptional
apparatus (RNAP and associated factors) access. Repression by looping describes
a situation where repressive TFs warp or “loop" the DNA such that the promoter
regions are rendered inaccessible to the transcriptional apparatus; activator TFs
can also be rendered inactive by a modulating repressor TF (Figure 1.8). TFs
can cooperate to form much more complex regulation strategies including activator
TF repositioning by a secondary activator TF, multi-TF activation sites and anti-
repression of a repressive TF by an anti-repressive TF (Figure 1.9) (Browning and
Busby 2004). In Mycobacterium, much of the literature has focussed on a few TFs
and regulons most associated with the more conspicuous cellular responses such as
endurance in stress-inducing environments and pathogenicity.

1.2.1 Transcriptional factor-mediated transcriptional regula-
tion in mycobacteria

The dormancy survival regulator (DosR) regulon, controlled by the DosR response
regulator and a two-component system comprising two sensor histidine kinases DosS
and DosT, allows the M. tuberculosis cell to transfer into a non-replicating dormant
state and is essential for M. tuberculosis persistence (Chen et al. 2013). This regu-
lon has been shown to be induced in mycobacterial species in order to allow the cell
to endure hypoxic states where aerobic respiration is difficult, particularly in caseous
granulomas (Rustad et al. 2008). The DosR regulon has also been implicated in
latent infection (Leyten et al. 2006).

The set of whi-like genes, named for whitening mutations in Streptomyces coeli-
color, are prevalent throughout mycobacterial species. This set of genes has been
implicated in an eclectic set of cellular events including cell division, nutrient star-
vation, stress sensing, pathogenesis and antibiotic resistance (Ramón-García et al.
2013). In particular, whiB7, an autoregulatory TF, has been shown to be activated
by compounds that perturb respiration, redox balance, transmembrane ion flux, as
well as heat shock and iron starvation and antibiotic exposure (Burian et al. 2012)
(Geiman et al. 2006). In addition to self-regulation, whib7 has been shown to regu-
late resistance genes involved in antibiotic efflux and ribosome-modifying erm genes
in Mycobacterium (Burian et al. 2012).
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Figure 1.8: Mechanisms of repression. a | Repression by steric hindrance. The
repressorbinding site overlaps core promoter elements and blocks recognition of the
promoter by the RNA polymerase holoenzyme. b | Repression by looping. Repressors
bind to distal sites and interact by looping, repressing the intervening promoter.
c | Repression by the modulation of an activator protein. The repressor binds
to an activator and prevents the activator from functioning by blocking promoter
recognition by the RNA polymerase holoenzyme. From Browning and Busby (2004)
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Figure 1.9: Mechanisms of promoter co-dependence on two activator proteins. A
| Repositioning of the primary activator by a secondary activator. In (a), the sec-
ondary activator (green) repositions the primary activator (yellow) from a location
where it is unable to activate transcription to a location where it can activate tran-
scription. In (b), the secondary activator alters the conformation of the DNA by
bending, bringing the primary activator into a position from which it can activate
transcription. B | Independent contacts by both activators are required for optimal
activation. In (a), one activator functions by a Class II mechanism, and the second
activator functions by a Class I mechanism. In (b), both activators function by
a Class I mechanism. C | Cooperative binding. The binding of one activator is
dependent on the binding of the second. D | Anti-repression. The binding of the
secondary activator is required to counteract the inhibitory effects of a repressor, to
allow the primary activator to function. From Browning and Busby (2004)
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Metals like iron and zinc are important in facilitating several cellular mecha-
nisms in bacteria (L. Ma, Terwilliger, and Maresso 2015); however, too much of
these substances are toxic to living cells. As a result, bacterial cells must tightly
regulate cellular zinc concentrations (L. Ma, Terwilliger, and Maresso 2015). In
M. tuberculosis, such regulation is achieved by the metalloregulatory protein zinc
uptake regulator (Zur). It has been shown to have a repressive effect on gene ex-
pression by binding to operator elements in the upstream regions of genes, such
as genes coding for ribosomal proteins and putative metal transporters, involved in
zinc homeostasis (Maciag et al. 2007).

1.2.2 Determining gene regulatory networks in bacteria

Many techniques exist for determining GRNs in bacterial genomes both in vitro and
in silico. In terms of experimental determination, chromatin immunoprecipitation
sequencing (ChIP-seq) is the process of cross linking transcription factors to DNA by
inducing transcription factor expression, sonicating DNA strands and immunopre-
cipitating transcription factor proteins with bead-attached antibodies. From here,
any DNA bound to the immunoprecipitated protein can be detached from the pro-
tein, purified and mapped to the genome to predict binding sites. (Myers et al.
2015).

GRN resources can be split into two categories: generalist resources and spe-
cialist resources. The former category provides regulatory information (such as
transcription factors, putative and confirmed target genes/operon structures, TFBS
motifs, upstream location coordinates) for a wide group of organisms such as the
prokaryotic transcription factor database CollecTF (Kiliç et al. 2014). Specialist
resources provide regulatory information for a narrower subgroup of organisms such
as a single species or genus; RegulonDB (Santos-Zavaleta et al. 2018) comprises
information regarding transcriptional regulation in E. coli.
Many approaches have been designed for in silico inference of prokaryotic GRNs.
Two popular strategies for regulon mapping include (1) the use of conservation data
arising from comparative genomics analyses (Van de Velde, Van Bel, et al. 2016;
Van de Velde, Heyndrickx, and Vandepoele 2014) and (2) expression data in the
form of transcriptional abundance comparison (Huynh-Thu et al. 2010).
In general, the concept of designing hybrid models that integrate existing regulatory
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information and expression abundance results has been the focus of much research
(Petralia et al. 2015; Banf and Rhee 2017; Waltman et al. 2010).

The regulons active in M. abscessus are still very poorly understood. Given the
impracticality of experimental regulon validation, it appears that in silico methods
provide the best opportunity to gain insight into GRNs in M. abscessus.

1.2.3 Non-coding RNA transcripts in mycobacteria

A non-coding RNA (ncRNA) is an mRNA transcript that does not a code for a
protein and, hence, is not translated. Although these transcripts are not translated,
they fulfil important functions within bacterial cells, e.g. delivery of amino acids to
the ribosome by tRNAs and translation of RNA to protein by rRNA.

Bacterial small RNA (sRNA) are of particular interest in Mycobacterium. sR-
NAs are a type of short (approximately 50-400nt) bacterial ncRNA that are able
to regulate gene expression by binding to protein structures and/or functional ele-
ments in nucleic acid structures to mediate regulation of gene expression. sRNAs
typically achieve regulation of gene expression by binding to functional nucleic acid
elements. As with most bacterial elements, sRNAs were first reported in the 1980s
in E. coli with the bacterial sRNA micF; micF, a cis-encoding sRNA transcribed on
the antisense strand of ompF was hypothesised to inhibit ompF in E. coli by hybri-
dising with a nucleotide region in the 5’UTR of ompF (Mizuno, Chou, and Inouye
1984) (Delihas and Forst 2001). sRNAs have been implicated in the regulation of
metabolism, virulence and general environmental stress response mechanisms.

Bacterial sRNAs are capable of repressing or activating the rate of expression
of their regulatory targets. Repression of targets by sRNAs is typically achieved by
the hybrization of the sRNA transcript to a DNA subsequence in the 5’UTR of a
targeted gene or precluding ribosomal access to a target gene’s mRNA transcript
by hybrising to the ribosome binding site (RBS) of the transcript. Activation of
gene expression by sRNAs is perhaps a more varied process than repression. Often
activation of expression will be facilitated by preventing an interfering factor from
stalling/terminating transcription. This process can be achieved by the sRNA by
binding to the terminator’s access region, by changing the conformation of the RNA
transcript or by binding directly to—and possibly destroying—the interfering factor;
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activation can also be achieved by sRNAs by binding to mRNA transcripts in such
a way that they allow access to previously sequestered nucleic acid elements, like
the RBS.

In many cases, bacterial sRNAs are delivered to the regulatory target site by
associating factors called chaperone proteins. Hfq is perhaps the most compre-
hensively studied chaperone protein (Vogel and Luisi 2011) (Updegrove, A. Zhang,
and Storz 2016), but other chaperones such as proQ exist (Smirnov et al. 2017)
(Gonzalez et al. 2017).

sRNAs can act in cis or in trans; that is, sRNAs can be transcribed within the
same locus as their regulatory target gene(s) (cis-encoded sRNAS) or transcribed
from an entirely different locus to their regulatory target gene(s) (trans-encoded
sRNAs). Cis-encoded sRNAs tend to have longer binding regions with their targets
as they are often transcribed from the antisense, or coding, strand relative to their
regulatory targets. In contrast with cis-encoded sRNAs, trans-encoded sRNAs tend
to have shorter binding regions with their regulatory targets. Due to the specificity
of binding, cis-encoded sRNAs tend to have fewer regulatory targets relative to
trans-encoded sRNAs.

As of 2014 there were somewhere in region of 100 known sRNAs in E. coli (Han-
ing, Cho, and Contreras 2014); however, sRNAs are prevalent, and often conserved,
across bacteria. The first experimental confirmation of sRNAs in mycobacteria was
published in 2009, providing information on five trans-encoded and four cis-encoded
sRNAs in M. tuberculosis. During this study, characterised sRNAs such as B55 and
F6 were shown to be induced under the macrophage-like conditions of oxidative and
pH stress (Arnvig and Young 2009). Currently, over 200 mycobacterial sRNAs have
been revealed (Haning, Cho, and Contreras 2014). Interestingly, no homologue of
the chaperone Hfq is known to exist in Mycobacterium (Sun, Zhulin, and Wartell
2002); it has been shown that certain sRNAs do not appear to require the protein
in other species; however, a different chaperone protein may be required (Bohn,
Rigoulay, and Bouloc 2007).

The Rfam database hosts a collection of non-coding RNA families comprising
high-quality manually curated multiple sequence alignment (MSA), consensus sec-
ondary structures and annotations from ontology resources (Kalvari et al. 2018).
These MSAs are typically used to build a so-called covariance model that allows
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comparison of putative sRNA sequences against known sRNA family consensus se-
quences (Kalvari et al. 2018). Although sRNA elements have been identified in
Mycobacterium the incidence and consequence of sRNAs in M. abscessus requires
more research.

1.2.4 Operon structures in mycobacteria

Polycistronic genetic elements that are under the control of a single promoter and,
hence, are transcribed as a single RNA molecule, are referred to as operons. Operons
encode multiple proteins and are ubiquitous throughout bacterial genomes (Osbourn
and Field 2009).

Although ubiquitous throughout prokaryotic genomes, the function(s) that ne-
cessitate their existence are contested extensively throughout the literature. Oper-
ons have been considered in the context of bacterial genomes acquiring new genes
from cells in the environment via HGT as opposed to through vertical inheritance
from parent cells. Suppose a collection of occasionally useful co-functional genes do
not lie in a cluster and so are unlikely to be co-transferred via HGT. The “selfish"
theory suggests that at least one of these genes will eventually undergo null muta-
tions. This implies eventual genetic drift for the gene cluster. Instead, clustering
genes in an operon structure facilitates the horizontal transfer of all co-functional
genes, providing a means of escaping genetic drift (Lawrence and Roth 1996). The
credibility of the selfish theory is somewhat mitigated by the observation that genes
in operons are often but not always co-functional (Pál and Hurst 2004). A com-
peting theory suggests that operon existence is due to reasons of regulation rather
than co-function (Rocha 2008). The regulatory theory suggests that operons require
less information to specify optimal expression patterns and, for complex regulation
strategies, operons are more likely to evolve than independent complex promot-
ers (Price et al. 2005). This theory is supported by the observation that operon
structures tend to have more complex conserved regulatory sequences (Price et al.
2005). Regardless of their origins, given that genes that reside together in operons
have the potential to be transcribed together implies a strong regulatory aspect to
operon structures that has consequences with respect to how the cell expresses a
phenotypical response to its environmental context.

In M. tuberculosis, the espACD operon structure is a key component of the
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ESX-1 secretion system (Rosenberg et al. 2011). The ESX-1 secretion system is
a mechanism used to deliver effector proteins into host cells to mediate M. tuber-
culosis virulence. Upon macrophage infection, the transcriptional regulator EspR
promotes expression of the ESX-1 secretion system by facilitating expression of the
espACD operon structure in M. tuberculosis. In addition to the excreted substrates
of EspA and EspC, a negative feedback control system ensures that EspR is itself
a secreted substrate component of the ESX-1 secreted system. This allows the cell
to control expression of the ESX-1 system by lowering the cellular concentration of
the EspR activator upon secretion (Rosenberg et al. 2011).

It has been shown that SGM have lost a cluster of genes corresponding to
the the LivFGMH operon (Wee, Dutta, and Choo 2017). The LivFGMH operon
encodes the branched chain amino-acid transport ATP-binding LIV proteins. To-
gether, these proteins form the LIV transport system which allows the transport of
leucine, isoleucine and valine into the cell, facilitating growth of the bacteria (Con-
ner and Hansen 1967).

Many computational annotations exist for prokaryotic species. The DOOR
database contains computationally predicted operons of sequenced prokaryotic genomes
(Mao et al. 2009). DOOR operon annotations are generated using the in-house
DOOR prediction pipeline (Mao et al. 2009).

Recent transcriptome studies suggest that there are frequent condition-dependent
changes of the expression patterns as well as modifications of the operon structures
in both bacteria and archaea (Güell et al. 2009). This observation compounds the
regulatory implications of operon structures. The extent to which operon organi-
sation in M. abscessus is dependent on environmental context is not yet entirely
understood.

1.2.5 Micellaneous RNA riboregulatory elements

Conditional transcription termination is a mechanism used by bacterial cells to
mediate regulation. Conditional transcriptional terminators typically reside in the
5’UTR of genes or operons and assist in forming terminating or antiterminating
RNA structures (Naville and Gautheret 2009). Cis-acting elements that implement
conformational oscillations are often sub-divided into more specific categories: (1)
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riboswitches forming nucleic acid aptamers that are capable of binding to specific
ligands thereby changing their conformational (anti)terminating arrangements; (2)
t-box RNA elements forming conformational (anti)terminating structures that are
influenced by the nature of interaction with charged (terminating) or uncharged
(antiterminating) tRNA elements; (3) upstream ORF(s) (uORF) leader peptides
forming conformational (anti)terminating arrangements that are influenced by the
rate of translation of a short ORF typically enriched in particular codons; (4) RNA
elements forming conformational (anti)terminating arrangements that are influenced
by the interaction of the RNA leaders with ribosomal proteins; (5) RNA elements
forming conformational (anti)terminating arrangements that are influenced by the
interaction with RNA-binding proteins (Naville and Gautheret 2009).

Recent studies suggest the existence of tens and (possibly hundreds) of uORFs
in mycobacteria (Shell et al. 2015). In particular, it has been shown that a +1 RTG
codon at the TSS is necessary and sufficient for leaderless translation initiation sug-
gesting that any +1 RTG codon at the TSS that is not translating an annotated
reading frame is translating a novel ORF (Shell et al. 2015). uORFs tend to occur
at the 5’ end of polycistronic mRNAs dedicated to biosynthetic pathways for amino
acids. Here, the amino acid product of the biosynthetic operon is overrepresented
in the encoded peptide; an abundance of that amino acid transcriptionally attenu-
ates the downstream biosynthetic genes in the operon. As an example, recently, a
predicted uORF conserved across mycobacteria containing a cluster of codons for
cysteine at its C-terminus was identified (Shell et al. 2015). The uORFs location
upstream of the cysA2 gene as well as its ribosomal footprint suggest its status as
a valid uORF.

In silico, given a 5’UTR, the PASIFIC tool implements a trained random forest
(RF) classifier to determine the potential for riboregulator-like terminator and an-
titerminator subsequences within the 5’UTR sequence (Millman et al. 2017). Given
its status as an emerging pathogen, more work is required with respect to identifying
riboregulatory elements (such as riboswitches and uORFs) in M. abscessus.
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1.3 Focus of research

In what follows, we report the first multi-omics approach to characterize the primary
transcriptome, coding potential and potential regulatory regions of the M. abscessus
genome utilizing RNA-seq, dRNA-seq, ribosome profiling and LC-MS proteomics.
Subsequent to this characterisation, we perform computational inference on gene
regulatory subnetworks in M. abscessus and describe the transcriptional response in
M. abscessus across a range of stress-inducing conditions.
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2.2 Abstract

2.2.1 Background

Mycobacterium abscessus subsp. abscessus is a highly drug resistant mycobac-
terium and the most common respiratory pathogen among the rapidly growing non-
tuberculous mycobacteria. MAB is also one of the most deadly of the emerging
cystic fibrosis pathogens requiring prolonged treatment with multiple antibiotics. In
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addition to its “mycobacterial” virulence genes, the genome of MAB harbours a
large accessory genome, presumably acquired via lateral gene transfer including ho-
mologs shared with the CF pathogens Pseudomonas aeruginosa and Burkholderia
cepacia. While multiple genome sequences are available there is little functional
genomics data available for this important pathogen.

2.2.2 Results

We report here the first multi-omics approach to characterize the primary transcrip-
tome, coding potential and potential regulatory regions of the MAB genome utilizing
differential RNA sequencing, RNA-seq, Ribosome profiling and LC-MS proteomics.
In addition we attempt to address the genomes contribution to the molecular sys-
tems that underlie MAB’s adaptation and persistence in the human host through
an examination of MABs transcriptional response to a number of clinically relevant
conditions. These include hypoxia, exposure to sub-inhibitory concentrations of an-
tibiotics and growth in an artificial sputum designed to mimic the conditions within
the cystic fibrosis lung.

2.2.3 Conclusions

Our integrated map provides the first comprehensive view of the primary transcrip-
tome of MAB and evidence for the translation of over one hundred new short open
reading frames. Our map will act as a resource for ongoing functional genomics
characterization of MAB and our transcriptome data from clinically relevant stresses
informs our understanding of MAB’s adaptation to life in the CF lung. MAB’s
adaptation to growth in artificial CF sputum highlights shared metabolic strategies
with other CF pathogens including P. aeruginosa and mirrors the transcriptional
responses that lead to persistence in mycobacteria. These strategies include an in-
creased reliance on amino acid metabolism, and fatty acid catabolism and highlights
the relevance of the glyoxylate shunt to growth in the CF lung. Our data suggests
that, similar to what is seen in chronically persisting P. aeruginosa, progression to-
wards a biofilm mode of growth would play a more prominent role in a longer-term
MAB infection. Finally, MAB’s transcriptional response to antibiotics highlights
the role of antibiotic modifications enzymes, active transport and the evolutionarily
conserved WhiB7 driven antibiotic resistance regulon.
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2.3 Background

The incidence of disease caused by Mycobacterium abscessus subsp. abscessus
(MAB) is increasing and it is emerging as an important cystic fibrosis pathogen
with a high innate antibiotic resistance rendering it refractory to most antimicrobial
therapies (Nessar et al. 2012). Comparison of the genomes of multiple MAB strains
have highlighted the presence of a large number of accessory genes likely acquired
through horizontal gene transfer (Ripoll et al. 2009). Little is known about the
regulatory architecture of the genome however and functional genomic resources
are scarce. We begin to address this deficit through the generation of a multi-omics
map of MAB and the generation of a number of transcriptional datasets in response
to important clinically relevant stresses.

2.4 Results and discussion

Condition # Replicates RNA-seq dRNA-seq Ribo-seq LC-MS
Integrated Multi-Omics Map

Middlebrook 7H9 2 X X X X
Differential Expression

Middlebrook 7H9 3 X
Erythromycin 3 X
Kanamycin 3 X
NO Hypoxia 3 X

SCFM2 Control 3 X
SCFM2 3 X

Table 2.1: Experimental design for integrated map and differential expression anal-
ysis.

2.4.1 An integrated approach combining RNA-seq/Ribo-seq
and proteomics identifies the coding potential of MAB

We utilized differential RNA sequencing to determine the primary transcriptome of
MAB in logarithmic phase of growth identifying a total of 7,218 transcription start
site(s) (TSS). Analysis of mapped TSS in combination with RNA-seq data facilitated
the identification of promoters and regulatory RNA elements within 5’ untranslated
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Figure 2.1: An integrated approach combining RNA-seq/Ribo-seq and proteomics
identifies the coding potential of M. abscessus. a The breakdown of identified
CDSs in MAB using the integrated data map represented as a hive plot. In the
inset, expression values are given in color-coded RPKM or peptide counts. b Circos
image of normalized whole-genome depth of coverage of RNA-seq (green), Ribo-
seq (blue) and mass spectrometry (red) data. To aid visualisation, RNA-seq and
Ribo-seq expression values are given on logarithmic scale (RPKM values < 1 are
assigned a value of 0).

regions (5’ UTRs) of annotated genes. To identify translated open reading frames
(ORFs) we utilized high throughput sequencing of ribosomally protected fragments
(Ribo-seq) and LC-MS-based proteomics of trypsin-digested peptides obtained from
whole cell lysates. We could identify 4,106 (83%) of the predicted coding sequences
(CDS) using at least one technique while 1,774 (36%) were present in all of the
combined techniques (Figure 2.1).

2.4.2 Integrated profiling indicates the potential for protein
isoforms of MAB MviN

Our integrated map lends support for an internal TSS potentially driving a truncated
isoform of the MAB MviN homolog (MAB_4937) (Figure 2.2). MviN orthologs in
mycobacteria, unlike other MviN proteins, are fused to a C-terminal region con-
taining a predicted intracellular kinase domain and an extracellular sugar binding
domain. Transposon mutagenesis studies in M. tuberculosis have indicated that the
N-terminal region of MviN is essential for in vitro growth while the C-terminal region
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Figure 2.2: Domain based alternate isoforms of MviN predicted in M. abscessus
driven by an internal TSS. Presence of isoform is evidenced by a combination of
RNA-Seq, Ribo-seq and LC-MS peptide data downstream of the internal TSS.

is dispensable for in vitro growth (Gee et al. 2012). The presence of an internal TSS
could still facilitate translation of the C-terminal domain of MviN under conditions
where the full-length protein is not expressed. Such potential for different protein
isoforms originating from internal TSS offers a plausible mechanism for partial es-
sentiality and is illustrative of the potential proteomic diversity open to bacterial
genomes.

2.4.3 Ribosome profiling identifies numerous ribosomally pro-
tected short ORFs

Small proteins, generally defined as less than 50 amino acids, tend to be under-
predicted by computational screens and present challenges in their biochemical iden-
tification primarily due to losses during sample preparation. Ribosome profiling has
facilitated the identification of large numbers of small proteins through sequencing
of ribosomally protected short ORFs (sORFs). Ribo-seq has also allowed for the
identification of leader peptides encoded by upstream ORFs (uORFs) in the 5’ UTRs
of genes and peptides encoded by sORFs within regulatory RNAs (Storz, Wolf, and
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Ramamurthi 2014). We identified 126 new ribosomally protected ORFs within the
MAB genome, 80% of which are < 50 amino acids in length, although this is likely
to be an underestimate of the total number of such sORFs within the MAB genome.
Thirteen of these new ORFs were restricted to MAB or closely related lineages while
the remainder showed varying levels of sequence similarity to homologs from other
mycobacterial and related actinomycete genomes. Certain intergenic sORFs despite
displaying evolutionary conservation with other mycobacteria showed conflicting in-
dications of their potential to be translated. MAB_4988c and MAB_4957 have
numerous mycobacterial homologs including the M. tuberculosis (MTB) H37Rv
ORFs RVBD_1144Ac and RVBD_3857Ac. However both MTB ORFs have been
deleted from subsequent MTB H37Rv genome annotations. RVBD_1144Ac falls
between Rv1144 and Rv1145, in a highly transcriptionally active region which has
been reported to contain a predicted ncRNA MTS0900 (Arnvig et al. 2011). The
ribosomally protected sORFs and significant levels of amino acid conservation de-
spite extensive nucleotide changes suggests however their potential to be translated.
Other intergenic sORFs with annotated homologs in other mycobacterial genomes
have homology to intergenic regions (IGR’s) of the MTB H37Rv genome but are ab-
sent from the MTB H37Rv annotation. These include, MAB_4957 with homology
to IGR (Rv3847c-Rv3848c), MAB_4960c with homology to IGR (Rv3836-Rv3837c),
MAB_5021c with homology to IGR (Rv2635-Rv2636).

2.4.4 Evolutionary conservation of identified upstream ORFs
(uORFs)

We identified a number of ribosomally protected sORFs within the leader regions
of a number of MAB genes including amino acid biosynthesis operons and metal
transporters. Although such uORFs can have trans-acting roles, typically progres-
sion of the ribosome through the uORF varies in response to a physiological signal
within the cell, thus influencing the expression of the downstream gene. A num-
ber of the uORFs share sequence homology with uORFs previously predicted in the
leader regions of their orthologs fromM. smegmatis andM. tuberculosis (Shell et al.
2015). These include uORFs upstream of MAB_1662 (nirA), MAB_3424c (leuA),
MAB_3323c (ilvB), the transcriptional regulator MAB_4059c, the membrane span-
ning protein MAB_0741 and a TQXA domain containing protein MAB_0219. We
identified uORFs upstream of a number of metal transporters including the magne-
sium transporters mgtC and mgtE (MAB_3593 and MAB_2717c) and the copper-
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translocating P-type ATPase (MAB_0449). Tandem attenuators have been re-
ported within the 5’ UTRs of certain Mg2+ transporters allowing their leader regions
to be responsive to a number of physiologically diverse signals (Park et al. 2010).
mgtE (MAB_2717c) appears to contain both a Mg2+-responsive ykoK leader or M-
box co-incident with a ribosomally protected short uORF. The uORF is a homolog
of the vapA co-expressed virulence gene vcgB, restricted to Rhodococcus equi and
a number of predominantly pathogenic mycobacteria, and contains a downstream
binding site for the Mg2+-responsive transcriptional regulator PhoP (Groisman et
al. 2013). Although the exact function of VcgB is unknown it is up-regulated upon
entry into macrophages and is regulated by increases in temperature and changes
in pH levels (Miranda-Casoluengo et al. 2011).

2.4.5 Ribosome protected RNAs and antisense sORFs

One feature of ours and others’ Ribo-seq data is the presence of ribosomally pro-
tected footprints covering parts of the genome which are not obviously protein
coding. Ribo-seq in eukaryotes has found that ribosome isolation by sedimenta-
tion isolates both ribosomes and Ribonucleoproteins (RNPs) resulting in the ri-
bosomal protection of some prominent classical noncoding RNAs (Ingolia, Brar,
Stern-Ginossar, et al. 2014). This phenomenon has not been analyzed in prokary-
otes however an inspection of published Ribo-seq data from E. coli indicates that
the large majority of its characterized ncRNAs display a ribosome footprint (G.
Li, Oh, and Weissman 2012). A number of our ribosomally protected fragments
encompassed regions overlapping canonical non-coding RNAs such as tRNAs, ho-
mologs of annotated mycobacterial small regulatory RNAs (sRNAs) and a number
of other ribo-regulators including predicted riboswitches. Homologs of conserved
mycobacterial sRNAs displaying significant ribosomal reads which are evident both
in our data and recently published Ribo-seq data from M. smegmatis include ho-
mologs of 6C, F6 and MS_IGR-5 in both MAB and in MSMEG, and also MS_IGR-7
(RF02469), MS_IGR-4 (RF02468), MS_IGR-2 (RF02467), Ms_AS-4 (RF02464)
and Ms_AS-8 (RF02466) in MSMEG (35). A number of ribosomally protected
sORFs were found antisense to MAB proteins including MAB_0366, MAB_1487c,
MAB_0590c, MAB_1957, MAB_3309 and MAB_4762.
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2.4.6 Coding potential for ribosomally protected ORFs

The presence of classical non-coding RNAs, antisense sORFs and homologs of known
mycobacterial regulatory RNAs in our Ribo-seq dataset raises the question as to
whether such sORFs are likely to be coding. This is difficult to clearly assess
however in eukaryotic Ribo-seq datasets one method to determine whether long
noncoding RNAs (lncRNAs) are likely to be translated is to look at the distribution
of the fragment lengths of their ribosomal footprints in comparison with those from
known coding ORFs (Ingolia, Brar, Stern-Ginossar, et al. 2014). A fragment length
organization similarity score (FLOSS) is then calculated that measures the magni-
tude of disagreement between the distributions, one corresponding to the feature in
question and one corresponding to the mean reference distribution for CDSs, with
lower scores reflecting higher similarity. In order to address the coding potential
of the predicted sORFs in MAB we calculated FLOSS scores for potentially cod-
ing sORFs and compared them with those of the known coding regions within the
genome (Ingolia, Brar, Stern-Ginossar, et al. 2014) (Figure 2.3). In order to con-
trast with the true ribosome footprints we utilized ribosomal reads covering tRNAs
as a canonical non-coding RNA species. Our analysis shows the clear separation of
the tRNAs and illustrates that a number of the intergenic and leader sORFs have
fragment length distributions indicative of their potential to be translated.

2.4.7 Transcription profiling of MAB under infection-relevant
conditions

Transcriptional responses to nutritional, redox and antibiotic stresses likely underpin
the development of inducible antibiotic resistance, persistence and host adaptation
in MAB. As few datasets exist we looked at MAB transcriptional response to num-
ber of stresses including exposure to antibiotics, nitric oxide (NO) induced hypoxia
and growth in an artificial sputum medium designed to mimic the conditions within
the Cystic Fibrosis (CF) lung environment (Turner et al. 2015).

2.4.8 Characterization of the MAB hypoxic response

Mycobacteria are obligate aerobes with an ability to survive and metabolize under
hypoxic conditions. The signature transcriptional response to NO induced hypoxia
in MTB is the activation of a dormancy (DosR) regulon, which is important for its
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Figure 2.3: Fragment distribution analysis performed using a fragment length or-
ganisation similarity score (FLOSS). With a view to ascertaining the conformity to
ribosome profiling read fragment length distributions for coding sequences (CDS),
normalised histograms of fragment lengths corresponding to putative coding ORFs
and non-coding genes were compared to a reference distribution represented by
the mean of the normalised histograms of fragment lengths for all coding features.
Curves are representative of outlier thresholds for standard (thinner curve) and ex-
treme (thicker curve) cases using Tukey’s method. Higher FLOSS suggest less
conformity. FLOSS are plotted as a function of total reads aligned to each feature.
Marginal densities are also given for read counts (x-axis) and FLOSS (y-axis).
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long-term persistence within the host (Voskuil, Schnappinger, et al. 2003). MAB
displays cross-reactive immunity to DosR regulon-encoded antigens (Lin et al. 2009)
and is predicted to contain the smallest and minimal DosR regulon consisting of 5
DosR regulated operons (Gerasimova et al. 2011). Following NO induced hypoxia
using a 40 min pulse of diethylenetriamine/nitric oxide (DETA/NO), we observed
strong up-regulation of the entire MAB predicted DosR regulon including Dos S and
R (MAB_3890, MAB_3891), the nitroreductase (MAB_3903), USPs (MAB_2489
and MAB_3904) and an ortholog of Rv2004c (MAB_3902c). In addition the
operon MAB_3937-MAB_3939 encoding the Clp ATPase clpX and the deazaflavin-
dependent nitroreductase (ddn) which is important for protection against oxidative
stress was also strongly up-regulated. Members of the mycobactin cluster mbtG
and mbtH which are up-regulated upon NO exposure in MTB (Voskuil, Bartek,
et al. 2011) were both up-regulated. A shift in lipid metabolism also appears to
be a feature of the hypoxic response in MAB with up-regulation of a number of
lipid biosynthesis genes including two homologs of the acyl (ACP) membrane-bound
desaturase desA1 (MAB_3354, MAB_2157).

2.4.9 Exposure to different antibiotics induces diverse forms
of ribosomal stress

MAB responds poorly to antibiotic chemotherapy exhibiting innate resistance to
all major anti-tuberculous drugs in addition to a number of broad-spectrum an-
tibiotics. Current regimens often entail administration of both an aminoglycoside
antibiotic (AGA) and a macrolide. In response to erythromycin exposure MAB
induces an erythromycin resistance methylase gene (erm41) (Nash, Brown-Elliott,
and Wallace 2009) which confers resistance. Resistance to AGA is thought to be
mediated through a number of aminoglycoside-modifying enzymes (AME), includ-
ing an aminoglycoside-2-acetyltransferase, Aac(2’) (Maurer et al. 2015). Under
conditions previously described (Nessar et al. 2012) (Nash, Brown-Elliott, and Wal-
lace 2009) we subjected MAB to a short (1 h) exposure to 1 μM erythromycin or
1 μM kanamycin. Erythromycin exposure resulted in a strong response with 287
genes being differentially expressed (DE) while kanamycin exposure resulted in 73
DE genes. The over-represented Clusters of Orthologous Groups (COG categories)
in erythromycin-treated cells included Translation, ribosomal structure and biogen-
esis (category J) (>5-fold enriched; FDR=6.47E-18) and Amino acid transport
and metabolism (category E) (>2-fold enriched; FDR=4.8E-03). In response to
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kanamycin, only COG category O (Posttranslational modification, protein turnover,
chaperones) was highly enriched (>8.5 fold) (FDR=9.25E-10). Erythromycin ex-
posure induced up-regulation of the 50S and 30S ribosome in addition to numerous
tRNA synthases: ArgS (MAB_1433 and MAB_3683c), ValS (MAB_1603), IleS
(MAB_2705c), TrpS (MAB_3683c), likely reflecting a response to a rapid de-
cline in protein synthesis. The histidine biosynthesis pathway was also strongly up-
regulated in addition to genes associated with homoserine (MAB_0343), asparagine
(MAB_1142) and isoleucine (MAB_3321c) biosynthesis. In contrast kanamycin-
exposed cell strongly induced genes associated with the heat shock response en-
compassing the operon MAB_4273c-MAB_4370c (dnaK, grpE, dnaJ, hspR), the
chaperonins clpB, groEL, and groES, and their associated regulatory proteins hspR
and grpE. Kanamycin exposure also triggered upregulation of the cold shock protein
A (MAB_0487) and a predicted alkaline shock protein (MAB_1247c).

2.4.10 Antibiotic exposure induces multiple antibiotic resis-
tance genes and transporters

Differentially expressed genes from both antibiotic exposures were analysed with
ARG-ANNOT (Gupta et al. 2014) to identify homologs of known antibiotic resis-
tance genes. In total, 18 predicted resistance-associated genes were found to be
differentially expressed in response to at least one of the two antibiotic treatments.
Active efflux mechanisms represent one of the most important aspects of intrinsic
antibiotic resistance in mycobacteria (Louw et al. 2009) and we found a relatively
high number of transporters to be differentially expressed upon antibiotic treatment.
These included MAB_2640c, a homolog of the multidrug resistance protein (MMR)
previously shown to mediate the efflux of several different antibiotics (Louw et al.
2009) and MMPL13b of the mycobacterial membrane protein large (MmpL) family
both induced in response to erythromycin.

2.4.11 MAB response to artificial CF sputum induces a low
energy transcriptional response

Long-term persistence of MAB during chronic infection is a well-established phe-
nomenon however its molecular adaptation to the CF lung environment is poorly
understood. As adaptations to the sputum (mucus) layer of the CF lung likely shape
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clinically relevant traits we determined the transcriptional response of MAB to a
brief 3 h exposure to a defined, synthetic cystic fibrosis sputum (SCFM) that mimics
the nutritional composition of CF sputum (Turner et al. 2015). Overall, we found
the COG category Replication, recombination and repair (category L) to be >3-fold
under-represented during growth in artificial sputum (FDR 4.1E-3), while Secondary
metabolites biosynthesis, transport and catabolism (category Q) was >1.5-fold en-
riched (FDR<0.05). Overall this is suggestive of a shift to slow growth, reflected
in the down-regulation of the translation apparatus including most ribosomal pro-
teins and several tRNA synthases. Evidence of a clear metabolic shift amongst the
topmost up-regulated genes could be clearly identified with parallels to transcrip-
tional changes in a nutrient starvation model of persistence in MTB and growth of
MSMEG under low energy conditions (Betts et al. 2002). We identified strong in-
duction of the pyruvate dehydrogenase complex (MAB_4918c-MAB_4915c), along-
side strong up-regulation of the proton-transporting type-I NADH dehydrogenase
(NDH1) operon. NDH1 functions as the primary aerobic respiratory chain and pro-
duces ATP via the oxidation of NADH to NAD+ suggesting that energy-limited
cells were switching to more energy-efficient mechanisms for membrane potential
generation. Under energy-limited conditions MSMEG has been shown to utilize al-
ternative primary dehydrogenases to power its respiratory chain (Betts et al. 2002).
We identified strong up-regulation of the succinate dehydrogenase (sdh1) operon
(MAB_4421-MAB_4423) in addition to up-regulation of alanine and proline dehy-
drogenases.

2.4.12 Amino acid metabolism and persister genes induced in
response to CF sputum

SCFM2 provides amino acids as a major carbon source and studies with the CF
pathogen Pseudomonas aeruginosa have highlighted the induction of branched chain
and aromatic amino acid catabolism genes (Carina et al. 2010). P. aeruginosa prefer-
entially catabolizes alanine, arginine and glutamate in CF sputum and up-regulation
of the anaerobic arginine-deiminase pathway in P. aeruginosa is thought to con-
tribute to anaerobic CF lung adaptation (Hoboth et al. 2009). Numerous amino
acid metabolism genes including those associated with arginine, lysine and proline
catabolism were up-regulated in MAB response to SCFM2 exposure. Mycobacte-
ria have both anaerobic and aerobic pathways for arginine metabolism and SCFM2
exposure caused strong induction of genes associated with the aerobic arginase
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pathway that facilitates the conversion of arginine to glutamate. These included
rocA, the operon MAB_3840-MAB_3843 encompassing the ornithine aminotrans-
ferase (rocD), the arginine permease rocE and MAB_3840, a homolog of Rv2323c
which is essential for growth on arginine. MTB uses arginine to produce proline and
genes associated with proline metabolism are strongly expressed when mycobacterial
cells are exposed to nutrient starvation (Berney et al. 2012). We observed strong
up-regulation of the operon MAB_1330-MAB_1331 which contains pyrroline-5-
carboxylate dehydrogenase (pruA) and proline dehydrogenase (pruB), which oxi-
dizes proline to glutamate for use as a carbon and nitrogen source. One of the
most highly up-regulated operons upon SCFM2 exposure MAB_3647c-MAB_3646c
contains the alarmone lysine ε-aminotransferase (LAT), downstream of the tran-
scriptional regulator leucine-responsive regulatory protein (lrpA). LAT is involved
in the conversion of lysine to glutamate and is associated with persister cell for-
mation following nutrient starvation (Duan et al. 2016). We also found strong
up-regulation of L-alanine dehydrogenase (MtAlaDH) (MAB_3100), which is also
highly up-regulated under nutrient starvation. We saw up-regulation of the operon
MAB_3521c-MAB_3520c containing nirD which is important during in vitro dor-
mancy of MTB (Akhtar et al. 2013) downstream of the nitrogen responsive tran-
scription factor nnaR.

2.4.13 Fatty acid catabolism genes induced in response to CF
sputum exposure

P. aeruginosa is known to up-regulate fatty acid catabolism genes in SCFM (Son
et al. 2007) and we observed strong up-regulation of members of the fatty acid
β-oxidation pathway including fadD and fadE. The acyl-CoA carboxylase alpha and
beta subunits (accA and accD) were also strongly up-regulated suggestive of in-
creased levels of propionyl-CoA as a result of the degradation of odd-chain fatty acids
or branched-chain amino acids. In MTB, propionyl-CoA generated from metabolism
of host lipids is used as a substrate to generate cell wall lipids which represents an
important adaptation and is essential for survival within the host (Lee et al. 2013).
We identified strong down-regulation of the mycolate pathway including downregu-
lation of the β-ketoacyl-ACP synthases (kasA and kasB) and beta-ketoacyl synthases
MAB_2031 and MAB_2029 and the malonyl-CoA:acyl carrier protein transacylase
(MCAT) homolog (MAB_2034). Down-regulation or deficiency in kasA/B has
been associated with altered colony morphology in MTB (Ghosh, Indi, and Na-
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garaja 2013) and in MSMEG, in which the transition to a ‘biofilm phase’ involves
reduction in levels of the KasA protein 31.

2.4.14 Down regulation of iron acquisition and siderophore
production genes

A number of virulence factors of P. aeruginosa are switched off during progressive CF
lung infection including genes associated with siderophore production (Hogardt and
Heesemann 2010). With the exception of mbtH we observed strong down-regulation
of the mycobactin cluster encoding the biosynthetic enzymes for assembly of the
siderophore mycobactin. We observed strong up-regulation of the ESX-3 cluster
(MAB_0149c-MAB_0147c) containing the pair of pe/ppe genes (pe5 and ppe4)
and the EspG family protein. The ESX-3 locus is proposed to be involved with
acquisition of divalent metal ions however it is also proposed to play other roles in
virulence (Tufariello et al. 2016).

2.4.15 Transcriptional repressors predominate in response to
CF sputum growth

We identified the transcriptional regulator lsr2 as one of the topmost induced genes
upon exposure to SCFM2. Lsr2 works mainly to repress gene transcription through
binding AT-rich sequences in MTB and is critical for persistence and a shift from
aerobic to anaerobic respiration (Bartek et al. 2014). We also observed strong up-
regulation of a majority of TetR family transcriptional regulators consistent with an
overall transcriptional repression associated with slow growth. In a nutrient starva-
tion model of persistence in MTB sigma factors (sigB, sigE, sigF and sigD) are sig-
nificantly up-regulated while the rpoA subunit of RNA polymerase is down-regulated
(Berney et al. 2012). Exposure to SCFM2 induced a strong up-regulation of the
sigma factor sigB (MAB_3028), sigE (MAB_1362) and sigH (MAB_3543c) while
rpoA was down-regulated. In addition there was a strong up-regulation of a cluster
of genes encoding sigF (MAB_2511), its anti-sigma regulator usfX (MAB_2513c)
and MAB_2512, a homolog of the sigF regulator (Rv0516c).
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Figure 2.4: Circos plot illustrating extent of common differentially expressed genes
between all tested conditions. The width of each connecting ribbon is directly
proportional to the number of shared genes between conditions on either end of the
ribbon; the proportion of the circumference of the circle covered by a given treatment
condition is directly proportional to the number of differentially expressed genes for
that condition.

2.4.16 Dissection of MAB transcriptional programmes driving
niche adaptation

Successful colonization of its human host by MAB is likely to be due to a series
of individual niche adaptations. Although the current data is relatively sparse we
looked to see whether we could begin deconstructing more complex transcriptional
adaptations based upon the sharing of co-expressed genes with more discreet re-
sponses. We also compared our datasets to the only other published dataset that
associated with the transition from a smooth to a rough morphology (Figure 2.4)
(Bartek et al. 2014).

Our comparisons reveal some significant overlaps and number of interesting
sub-networks that span differing conditions. We find 43% (22 of 51) of the hypoxic
response including the entire DosR regulon is up-regulated in MAB strains with a
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Rough morphotype, a link that is pronounced in clinical strains with the potential
for persistence (Pawlik et al. 2013). Constitutive up-regulation of the DosR regulon
in the W-Beijing Lineage of M. tuberculosis is thought to confer an adaptive advan-
tage for growth in microaerophilic or anaerobic environments (Reed et al. 2007). In
contrast, although the hypoxic response and sputum shares a greater overlap (49%
25/51) only devR and devS from the DosR regulon are up-regulated indicating short
exposure to SCFM2 does not induce the hypoxic response and that devR and devS
may be induced for reasons other than hypoxia. This is in keeping with our find-
ings that points towards a metabolic adaptation to a restriction in the diversity of
carbon sources upon SCFM2 exposure but missing a clear signature of anaerobic
growth. Both antibiotic exposures included induction of the transcriptional regulator
whiB7 (MAB_3508c) alongside the alleviation of a number of TetR transcriptional
repressors (MAB_4647/MAB_4687/MAB_2957c). In MTB WhiB7 is induced by
both antibiotics and acts in conjunction with the primary sigma factor SigA to acti-
vate a discreet regulon of 12 genes controlling intrinsic antibiotic resistance (Burian
et al. 2013). MAB has 8 homologs of the MTB WhiB7 regulon including erm41
(MAB_2297), a homolog of the multidrug efflux pump tap (MAB_1409c) and a
putative macrolide transporter (MAB_1846). In addition to whib7 up-regulation,
erythromycin exposure induced a large majority (7/8) of the MAB homologs of
the WhiB7 regulon indicative of an evolutionarily conserved WhiB7 driven response
to macrolides. whiB7 in MAB is also induced in response to sub-inhibitory con-
centrations of the aminoglycoside amikacin (Tsai, Lai, and Hu 2015) and is the
second most strongly induced gene in response to kanamycin exposure. Intriguingly
however, in response to kanamycin exposure only two of the 8 MAB homologs of
the Whib7 regulon, whib7 and the putative macrolide transporter MAB_1846 were
induced. This uncoupling of WhiB7 induction from upregulation of its predicted
regulon was also evident in response to SCFM2 where, despite the large number of
differentially expressed genes and a strong induction of whiB7, MAB homologs of its
regulon were largely unaffected. One of the strongest induced operons in response
to both antibiotics MAB_0357c and MAB_0356c encodes a delta-aminolevulinic
acid dehydratase (ALAD) and a S-isoprenylcysteine methyltransferase (mddA), re-
spectively. MddA has been shown to catalyze production of the volatile compound
dimethyl sulphide (DMS) which has been used as a volatile biomarker for differen-
tiating between the growth of different mycobacterial species (Crespo et al. 2012).
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2.4.17 Expression of novel sORFs across different conditions

We looked at expression patterns for the novel sORFs identified by ribosomal
profiling across the different conditions (Figure 2.5). Their expression patterns
overall mirrored those of the remainder of the genome with the majority being
down-regulated in response to SCFM2 while much smaller numbers were mostly
up-regulated in response to the remaining conditions. Highly up-regulated sORFs
(MAB_5038c and MAB_5039c) are in proximity to whiB7, which is up-regulated
in response to all conditions tested except hypoxia.

2.5 Conclusions

Central to understanding the functional networks that contribute to adaptation and
persistence in MAB is a well-characterized genome coupled with rich genome-wide
functional genomics datasets. It’s clear from our data that the complexity of the
MAB genome is only modestly represented by current automated annotations of its
coding regions. We demonstrate the presence of many novel sORFs with coding
and regulatory potential and identify internal TSS as a potential source of protein
isoforms. Our Ribo-seq data illustrates that many non-coding RNAs, including reg-
ulatory and antisense RNAs, are ribosomally protected. As they lack clear evidence
of translation their presence means that these antisense RNAs are competing kinet-
ically with the ribosome for access to the same region of the nascent target RNA.
Functional regulatory RNAs are difficult to detect in mycobacteria due to the per-
vasiveness of transcription initiation (Dinan et al. 2014) and identification of RNAs
that are ribosomally protected may provide better evidence of their being functional
than TSS or RNA-seq alone. We also looked to expand the amount of condition
specific transcriptomics data, as despite individual gene association studies, there
is almost no genome-wide functional genomics data available for MAB. Such data
are necessary to refine and progress beyond a reliance on interpreting MAB biol-
ogy through the prism of shared orthologs with mycobacteria such as MTB, which
has extensive systems-wide datasets (www.tbdb.org). Therefore we profiled MAB
response to a number of biologically relevant exposures that have either been exper-
imentally characterized or for which some comparable data is available from other
species (Turner et al. 2015) (Voskuil, Bartek, et al. 2011) (Betts et al. 2002). In
doing so we characterize the M. abscessus hypoxic response and the role of the
evolutionarily conserved DosR regulon therein. Our data lends greater weight to
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Figure 2.5: Heat map of gene expression values for novel ORFs in following tested
conditions: growth in an artificial sputum, exposure to erythromycin or kanamycin,
hypoxia. The color bar corresponds to a range of gene expression values from -2.5
to 5.
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DosR regulon’s constitutive up-regulation in strains of the Rough morphotype as it
may confer an adaptive advantage for survival in the hypoxic CF lung environment.
We identify for the first time numerous antibiotic resistance genes up-regulated in
response to erythromycin and kanamycin exposure including antibiotic modifica-
tion enzymes, efflux pumps and the redox sensitive WhiB7 transcriptional regulator.
Unexpectedly we find that although whiB7 and its predicted regulon in MAB are
both induced in response to erythromycin this link appears clearly uncoupled in
response to other antibiotics and stresses. Given the diversity of WhiB7 activators
and its important role in inducible antibiotic resistance this deserves further study.
Comparison with transcriptional data from other CF pathogens clearly indicates a
convergence in metabolic strategies towards adaption to the CF lung (Turner et
al. 2015) (Carina et al. 2010) (Hogardt and Heesemann 2010). Our analysis also
shows that the response to SCFM2 triggers the activation of metabolic pathways
that are required in MTB for growth in human macrophages and pave the way for
the development of persistence (Betts et al. 2002). Our analysis therefore offers
insights into how MAB may transcriptionally adapt long-term to the CF lung and
the nutrient limited conditions that prevail within human macrophages. Given what
little is known about MAB’s strategies for adaptation and survival, such knowledge
is essential for developing new strategies to treat it.

2.6 Methods

2.6.1 Bacterial culture conditions

M. abscessus ATCC19977 cultures were grown in Middlebrook 7H9 medium (sup-
plemented with 10% albumin-dextrose-catalase solution, 0.5% glycerol and 0.05%
Tween-80). When indicated, diethylenetriamine/nitric oxide (DETA/NO) adduct
(final concentration of 50 μM), kanamycin or erythromycin (final concentration of
1 μM) were added to the culture media. For growth in an enhanced artificial sputum
medium (SCFM2) bacterial cultures were washed with phosphate buffered saline so-
lution (PBS) and then transferred to SCFM2 medium.
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2.6.2 RNA isolation and preparation of samples for high through-
put sequencing

RNA was isolated as described earlier using Qiagen miRNeasy kit with double DNase
treatment (Pawlik et al. 2013). Sample preparation for dRNAseq and TSS sequenc-
ing was carried out by Vertis Biotechnologie AG (Dinan et al. 2014). For RNA-seq,
ribosomal RNA was removed using RiboZero (Epicentre), cDNA libraries were gener-
ated with the TruSeq Stranded RNA kit and validated according to manufacturer’s
instructions (Illumina Inc.). For ribosome profiling, translation was arrested with
100 mg/mL chloramphenicol, bacteria were recovered, suspended in lysis buffer
(100 mg/mL chloramphenicol, 70 mM KCl, 10 mM MgCl2, 10 mM Tris-HCl [pH
7.4]) and physically disrupted. The clarified lysates were digested with MNase and
RNaseI. Ribosome protected fragments were prepared for high throughput sequenc-
ing according to a protocol reported elsewhere (Ingolia, Brar, Rouskin, et al. 2012).
Samples were sequenced on either a MiSeq System (Illumina Inc.) with a 150 bp
single end read mode or a HiSeq 2500 in a 50 bp single read format.

2.6.3 Reads mapping

Following removal of sequencing adapters and quality control, all ribosome profiling
and RNA-seq reads were mapped to the Mycobacterium abscessus ATCC 19977
genome sequence (RS: NC_010397, GB: CU458896) using Bowtie 1.1.1. Ribosome
profiling and RNA-seq datasets were deposited into NCBI’s Gene Expression Om-
nibus (GEO) (accession numbers: GSE78787 and GSE72996).

2.6.4 Whole proteome analysis and tryptic peptide mapping

Recovered bacterial pellets were washed with ice-cold PBS, suspended in protein
lysis buffer (100 mM Tris-HCl pH 7.8, 50 mM KCl, 0.5 mM DTT and 6 M urea)
and physically disrupted. Clarified total cell lysate was reduced with dithiothreitol
(DTT), alkylated with iodoacetamide and subjected to overnight trypsin digestion
(Pierce Biotechnology Inc.). Resulting tryptic peptides were desalted by solid phase
extraction with C18 ZipTips (Millipore Corporation) and analysed on a Thermo Sci-
entic Q Exactive mass spectrometer connected to a Dionex Ultimate 3000 (RSLC-
nano) chromatography system.
Tryptic peptides were aligned to the Mycobacterium abscessus ATCC 19977 genome
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sequence (RS: NC_010397, GB: CU458896) using a database search approach im-
plemented in PEAKS 6.0 proteomics software. A parent mass error tolerance of 6.0
ppm was used in conjunction with a maximum of 2 missed cleavages along with one
non-specific cleavage.

2.7 Supplemental Experimental Procedures

2.7.1 Bacterial culture conditions

For each set of experiments triplicate M. abscessus ATCC19977 cultures were grown
in Middlebrook 7H9 medium (supplemented with 10% albumin-dextrose-catalase so-
lution, 0.5% glycerol and 0.05% Tween-80) with continuous shaking at 37◦C. To
construct a multi-layered expression map bacterial cultures were grown to OD600
= 0.8, then split into three aliquots and subsequently prepared for RNAseq, ribo-
some profiling and whole proteome analyses. To induce hypoxia, a 40 min pulse
of diethylenetriamine/nitric oxide (DETA/NO) adduct was applied (final concen-
tration of 50 μM) (Voskuil, Schnappinger, et al. 2003). For antibiotics treatment,
kanamycin or erythromycin was added to the culture media to a final sub-inhibitory
concentration of 1 μM and cultures were propagated for 1 h (Nash, Brown-Elliott,
and Wallace 2009; Bernut et al. 2014). To test bacterial response to conditions
resembling environment of a cystic fibrosis lung, following 3 washes in phosphate
buffered saline (PBS), bacteria were transferred to an enhanced artificial sputum
medium (Turner et al. 2015) and incubated for 3 h. All experiments were carried
out using triplicate cultures and were compared to not-treated cultures grown in
standard Middlebrook 7H9 medium.

2.7.2 RNA isolation and RNAseq sample preparation

Bacteria recovered by centrifugation were treated with Trizol (Sigma Aldrich) and
physically disrupted with 0.1 mm zirconia-silica beads using MagNA Lyzer (2 pulses,
30 s each) (Roche Diagnostics Ltd.). Following chlorophorm/isopropanol precipita-
tion, DNA was removed by 30 min digestion with Turbo DNase (Ambion). RNA was
isolated using miRNeasy spin columns with an additional on-column DNase treat-
ment, according to manufacturer’s instructions (Qiagen). RNA was quantified using
NanoDrop 1000 spectrophotometer (Thermo Scientific) and sample quality was as-
sessed using RNA Nano Chip on a Bioanalyzer 2100 instrument. Total RNA was
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treated with RiboZero (Epicentre) to deplete ribosomal RNA. Sequencing libraries
were generated with the TruSeq Stranded RNA kit according to manufacturer’s in-
structions (Illumina Inc.). High Sensitivity DNA chip on Bioanalyzer 2100 (Agilent)
was used to determine library quality, while the concentration was determined using
Qubit dsDNA HS assay (Thermo Fisher). For the multi-layered map cDNA libraries
were sequenced on the MiSeq System (Illumina Inc.) with a 150 bp single end
read mode in house. For the transcription profiling of bacteria exposed to stress
conditions samples were sequenced on a HiSeq 2500 by Michigan State University
in a 50 bp single read format.

2.7.3 dRNAseq

Sample preparation and TSS sequencing was carried out by Vertis Biotechnologie
AG as previously reported (Dinan et al. 2014). Briefly, prior to library construction,
half of each RNA sample was treated with Terminator 5’-Phosphate-Dependent Ex-
onuclease (TEX), an enzyme which specifically degrades processed RNA transcripts
carrying a single 5’ phosphate group, leaving only primary transcripts carrying a
tri-phosphate at the 5’ end. The other half of each RNA sample was left untreated,
and hence was not enriched for primary transcripts. All RNA was then converted
to cDNA for library preparation and sequenced on an Illumina Genome Analyser IIx
(GA IIx).

2.7.4 Ribosome profiling

To arrest translation bacterial cultures were treated with 100 mg/mL chlorampheni-
col and then spun down (10 min at 4000 x g). The bacterial pellets were suspended
in lysis buffer (100 mg/mL chloramphenicol, 70 mM KCl, 10 mM MgCl2, 10 mM
Tris-HCl [pH 7.4]) and physically disrupted by two passages through a French Press
(10,000 psi), followed by centrifugation to remove intact cells and cellular debris.
The clarified lysates were digested with MNase and RNaseI. Ribosome protected
fragments were recovered by sedimentation through a 1 M sucrose cushion, size se-
lected by gel purification and prepared for high throughput sequencing (Ingolia, Brar,
Rouskin, et al. 2012). Briefly, 3’ termini of ribosome protected fragments were de-
phosphorylated with polynucleotide kinase (PNK, New England Biolabs) allowing for
ligation of a 3’ RNA TruSeq small RNA adapter (Illumina Inc.). The 5’ termini were
then phosphorylated by PNK and 5’ RNA TruSeq small RNA adapter was ligated.
Following reverse transcription, the ribosome protected fragments were amplified
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by PCR and PCR products of expected size were purified from a Tris-Borate-EDTA
gel. After quality control on Bioanalyzer 2100 and library quantification, samples
were sequenced on the HiSeq 2500 System in a 50 bp single end read mode.

2.7.5 Whole proteome analysis

Bacterial pellets were recovered by 10 min centrifugation at 4000 x g. Following
three washes with ice-cold PBS, samples were resuspended in protein lysis buffer
(100 mM Tris-HCl pH 7.8, 50 mM KCl, 0.5 mM DTT and 6 M urea) and physically
disrupted using 0.1 mm zirconia-silica beads in MagNA Lyzer (Roche Diagnostics).
After a brief centrifugation total cell lysates were collected and protein concentra-
tion was determined using DC Protein Assay (BioRad). 1 mg of total protein was
reduced with dithiothreitol (DTT) and alkylated with iodoacetamide, followed by re-
moval of unreacted alkylating reagent with DTT. Diluted samples were subjected to
overnight trypsin digestion (Pierce Biotechnology Inc.). The reactions were stopped
by decreasing the pH to < 6 with concentrated acetic acid. Tryptic peptides from 10
μl aliquots of the digests were desalted by solid phase extraction with C18 ZipTips
(Millipore Corporation) and eluted in 50% acetonitrile. The samples were run on
a Thermo Scientic Q Exactive mass spectrometer connected to a Dionex Ultimate
3000 (RSLCnano) chromatography system. Tryptic peptides were resuspended in
0.1% formic acid. Each sample was loaded onto a fused silica emitter (75 m ID,
pulled using a laser puller (Sutter Instruments P2000)), packed with Reprocil Pur
C18 (1.9 μm) reverse phase media and was separated by an increasing acetonitrile
gradient over 90 minutes at a low rate of 250 nl/min. The mass spectrometer was
operated in positive ion mode with a capillary temperature of 320◦C, and with a
potential of 2300V applied to the frit. All data was acquired with the mass spec-
trometer operating in automatic data dependent switching mode. A high resolution
(70,000) MS scan (300-1600 m/z) was performed using the Q Exactive to select
the 12 most intense ions prior to MS/MS analysis using HCD.

2.7.6 Transcription Start Site (TSS) mapping

TSS locations were identified by using a custom Perl script to compare the 5’ read
depths of enriched primary transcripts (TEX+ library) relative to unenriched total
transcripts (TEX- library). The coordinates of the 5’ ends of all uniquely mapped
TEX+ library reads were determined, and the TEX+/TEX- read ratios were calcu-
lated at each position in the genome. Sites with a significant enrichment of TEX+
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to TEX- reads (i.e. an enrichment of primary transcripts) were considered candidate
TSSs. These were then annotated, using custom Python scripts, according to their
locations relative to annotated genes.

2.7.7 Reads mapping

All ribosome profiling and RNA-seq reads were trimmed for Illumina Truseq adapters
and subsequently mapped to the Mycobacterium abscessus ATCC 19977 genome
sequence (RS: NC_010397, GB: CU458896) using Bowtie 1.1.1 (Langmead and C
Trapnell 2009). The sequencing data described in this report have been submitted
to the NCBI gene expression omnibus (GEO) under accession numbers GSE78787
and GSE72996.

2.7.8 Differential gene expression

A custom annotation file, containing annotated and novel coding regions, as well as
known mycobacterial sRNAs, was compiled, and read counts per gene were obtained
using a custom Python script in combination with SAMtools (H. Li et al. 2009).
The EdgeR Bioconductor package (MD Robinson 2010) was then used to perform
estimation of gene-wise dispersion and differential expression analysis using the exact
test. Multiple testing correction was implemented using the Benjamini-Hochberg
approach.

2.7.9 Clusters of Orthologous Groups (COG) enrichment anal-
ysis

Annotation of M. abscessus genes according to COG category was performed by
sequence homology using the WebMGA database (Wu et al. 2011). The numbers
of DE and non-DE genes in each category were then calculated, and enrichment
analysis for each category was carried out using the chi-squared test of independence
of variables in Python. Multiple testing correction was implemented in R following
the method of Benjamini and Hochberg.

2.7.10 CDS mapping

Both ribosome profiling read density and the LC-MS-derived tryptic peptides were
mapped to the Mycobacterium abscessus ATCC 19977 genome sequence. Using
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the most up-to-date GenBank annotation (accession number NC_010397) as a ref-
erence, an RNA-seq score >= 5 RPKM, a ribosome profiling score >= 5 RPKM
and/or the discovery of at least one tryptic peptide found to overlap the coordinates
of the CDS was required to identify a given CDS. In order to perform this analysis,
the R programming language (3.0.2) ((2013) 2016), the Python programming lan-
guage (2.7.11) (Foundation 2016), SAMtools (0.1.19-44428cd) (H. Li et al. 2009)
and BEDtools (v2.22.0) (Quinlan and Hall 2010) were extensively used.

2.7.11 Identification of Putative ORFs

In order to identify putative coding ORFs, an iterative pipeline was implemented.
Specifically, an original compendium of candidate ORFs was generated comprising
all intergenic nucleotide sequences beginning with an ATG/GTG codon, terminating
at a downstream in-frame stop codon and containing non-zero ribosome profiling
footprints. These candidates were then scored using a read-fit measure: specifically,
for a given candidate, this was computed by calculating the product of a scaling
factor, representing the number of above-background read expression coordinate po-
sitions, and the sum of the raw read counts at each coordinate position belonging
to the feature’s open reading frame. The ability to assign a rank to each putative
ORF based on this measure enabled the principled elimination of sub-ORFs as well
as candidate ORFs with prohibitively large overlap with other features. In addition,
a combination of extra feature analysis such as length, genomic conservation, ge-
nomic neighbourhood and further manual curation procedures were utilised in the
determination of candidate ORF features.

2.7.12 Fragment Length Organisation Similarity Score Analy-
sis

Using the approach introduced in (Ingolia, Brar, Stern-Ginossar, et al. 2014), we
computed the fragment length organisation similarity score (FLOSS) for CDSs, tR-
NAs, ncRNAs and putative ORF features. Briefly, the FLOSS for a given genic
feature is formed by calculating the sum of the absolute difference of the mean
empirical distribution of ribosome profiling read lengths for all CDSs not overlap-
ping non-coding features and the corresponding observed empirical distribution of
ribosome profiling read lengths for that genic feature at a range of specified lengths.
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2.7.13 LC-MS tryptic peptide mapping

Tryptic peptides were aligned to the Mycobacterium abscessus ATCC 19977 genome
sequence (RS: NC_010397, GB: CU458896) using a database search approach im-
plemented in PEAKS 6.0 proteomics software (Zhang et al. 2012). A parent mass
error tolerance of 6.0 ppm was used in conjunction with a maximum of 2 missed
cleavages along with one non-specific cleavage.

2.7.14 Identification of Protein Domains

Proteins domains for MAB_4937 were identified using SMART (Mitchell et al.
2015).

2.7.15 Visualization Tools

Visualisation comprising hive plot was generated using method described previously
(Krzywinski, Birol, et al. 2011). All circle plots were generated using Circos (0.67-
7) (Krzywinski, Schein, et al. 2009). The remaining visualisations were generated
using ggplot2 (1.0.0) (Wickham 2009).

2.8 Availability of data and materials

The data upon which the results of this research are predicated are available from
https://doi.org/10.1186/s12864-016-2868-y.

Ribosome profiling and RNA-seq datasets have been deposited into NCBI’s Gene
Expression Omnibus (GEO) (accession numbers: GSE78787 and GSE72996).

https://doi.org/10.1186/s12864-016-2868-y
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3.2 Abstract

3.2.1 Background

Although many of the genic features in Mycobacterium abscessus have been fully
validated, a comprehensive understanding of the regulatory elements remains lack-
ing. Moreover, there is little understanding of how the organism regulates its tran-
scriptomic profile, enabling cells to survive in hostile environments. Here, to compu-
tationally infer the gene regulatory network forMycobacterium abscessus we propose
a novel statistical computational modelling approach: BayesIan gene regulatory
Networks inferreD via gene coExpression and compaRative genomics (BINDER).
In tandem with derived experimental coexpression data, the property of genomic
conservation is exploited to probabilistically infer a gene regulatory network in My-
cobacterium abscessus.

Inference on regulatory interactions is conducted by combining ‘primary’ and
‘auxiliary’ data strata. The data forming the primary and auxiliary strata are de-
rived from RNA-seq experiments and sequence information in the primary organ-
ism Mycobacterium abscessus as well as ChIP-seq data extracted from a related
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proxy organism Mycobacterium tuberculosis. The primary and auxiliary data are
combined in a hierarchical Bayesian framework, informing the apposite bivariate
likelihood function and prior distributions respectively. The inferred relationships
provide insight to regulon groupings in Mycobacterium abscessus.

3.2.2 Results

We implement BINDER on data relating to a collection of 167,280 regulator-target
pairs resulting in the identification of 54 regulator-target pairs, across 5 transcrip-
tion factors, for which there is strong probability of regulatory interaction.

3.2.3 Conclusions

The inferred regulatory interactions provide insight to, and a valuable resource for
further studies of, transcriptional control in Mycobacterium abscessus, and in the
family of Mycobacteriaceae more generally. Further, the developed BINDER frame-
work has broad applicability, useable in settings where computational inference of a
gene regulatory network requires integration of data sources derived from both the
primary organism of interest and from related proxy organisms.

3.3 Background

Mycobacterium abscessus is a rapidly growing mycobacteria capable of causing a va-
riety of soft tissue infections, primarily affecting subjects with immuno-deficiencies.
Mycobacterium abscessus (M. abscessus) is considered a major pathogen involved
in broncho-pulmonary infection in patients with cystic fibrosis or chronic pulmonary
disease (Nessar et al. 2012). In addition, M. abscessus is responsible for several skin
and soft tissue diseases, central nervous system infections, bacteremia, and ocular
and other infections (Lee et al. 2015). Owing to a range of cellular mechanisms, one
of the most salient aspects of pathogenesis resulting from M. abscessus infection
is its multi-drug resistance. It is the most chemotherapy-resistant rapid-growing
mycobacterium (Baranyai et al. 2015).
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While many genic features in M. abscessus have been fully validated and charac-
terised in terms of the expression landscape at the transcriptional, post-transcriptional
and translational levels (Miranda-CasoLuengo et al. 2016), a comprehensive under-
standing of regulatory elements is lacking. Without functional identification of the
modes of regulation present, a complete understanding of how M. abscessus mod-
ulates its transcriptomic tendencies, enabling cells to survive and thrive in hostile
environments such as in the presence of antibiotics or in the host sputum, remains
out of reach.

Gene regulatory network(s) (GRN) resources are typically split into two cate-
gories: generalist resources and specialist resources. The former category provides
regulatory information (such as transcription factors, putative and confirmed target
genes/operon structures, transcription factor binding site(s) (TFBS) motifs, up-
stream location coordinates) for a wide group of organisms. CollecTF (Kiliç et al.
2014) is one such resource that hosts a large collection of DNA binding sites for
prokaryotic transcription factors. Although CollecTF comprises a small amount of
regulatory information pertaining to mycobacteria, it currently does not contain any
information on M. abscessus. Indeed most generalist resources tend not to comprise
much content on regulatory information directly relevant to M. abscessus.

Specialist resources tend to provide regulatory information for a much narrower
subgroup of organisms such as a single species or genus; RegulonDB (Santos-
Zavaleta et al. 2018) is one such resource which comprises information regarding
transcriptional regulation in Escherichia coli. Most resources of both types provide
curation based on techniques such as SELEX-based methods (Darmostuk et al.
2015) as well as chromatin immunoprecipitation sequencing (ChIP-seq) (Mundade
et al. 2014). Currently, forM. abscessus, there is no such existing specialist resource.

Many approaches have been designed for in silico inference of prokaryotic GRNs.
Two popular strategies for regulon mapping include (1) the use of conservation data
arising from comparative genomics analyses and (2) expression data in the form of
transcriptional abundance comparison. The conservation approach relies on the
observation that TFBSs are often conserved between related species. This implies
that regulatory resources from a given organism can be leveraged to elucidate on
transcriptional control in closely related organisms (Doniger, Huh, and Fay 2005).
Further, if two organisms with a non-distant common ancestor share an orthol-
ogous gene that is understood to assist in achieving a certain biological process
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(such as transcriptional regulation) in one organism, it is likely to perform a sim-
ilar role in the other organism (Koonin 2005). Phylogenetic footprinting provides
a conservation-based approach for determining conserved noncoding sequences and
associated TFBSs; such methods typically involve quantifying the rate of occur-
rence of noncoding DNA sequences in the upstream regions of orthologs of genes
of interest in related species (Van de Velde, Van Bel, et al. 2016) (Van de Velde,
Heyndrickx, and Vandepoele 2014).

Expression-based approaches tend to model the expression of a target gene can-
didate as a function of the expression or activation of a regulator gene. The GENIE3
(Huynh-Thu et al. 2010) method frames the problem of deriving a regulatory net-
work between p genes as p different regression tree-based ensemble models where
the expression pattern of one gene is predicted by the expression pattern of all other
genes in the collection. Other authors have noted the observed property that genes
sharing a common network have a greater tendency to exhibit strong coexpression
(Y. Wang and Huang 2014). Weighted correlation network analysis (WGCNA)
(Langfelder and Horvath 2008) is a software package that implements a suite of
correlation-based methods for describing the coexpression patterns among genes
across experimental samples designed with a view to uncovering gene networks of
several varieties.

The literature on prokaryotic gene regulation is replete with ChIP-seq experi-
ments detailing the specifics of transcriptomic control (J. Li et al. 2015; Peano et al.
2015). ChIP-seq provides a means of isolating target DNA sequences and transcrip-
tion factor bound protein complexes stimulated in response to induced transcription
factor production. This process facilitates the ascertaining of relationships between
specific transcription factors and target binding site DNA sequences (including their
downstream genic and intergenic units). Such data are not presently available for
M. abscessus, due to its status as an emerging pathogen (Baranyai et al. 2015).
However, similar resources exist to varying degrees of completeness for closely re-
lated organisms, such as those in the family of Mycobacteriaceae (Jaini et al. 2014;
Landick et al. 2014). Many efforts have focussed on the integration of ChIP-seq
experimental data with RNA-based expression results to improve GRN inference
(Angelini and Costa 2014).

In general, the concept of designing hybrid models that integrate existing reg-
ulatory information and expression abundance results has been the focus of much
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research. For example, iRafNet (Petralia et al. 2015) implements a random forest
approach to inferring GRNs while incorporating prior regulatory knowledge such that
putative regulators used to build individual trees are sampled in accordance with the
provided prior information. GRACE (Banf and Rhee 2017) integrates biological a
priori data as well as heterogeneous data and makes use of Markov random fields
to infer regulatory networks in eurkaryotic organisms. The RNEA (Chouvardas,
Kollias, and Nikolaou 2016) approach also combines prior knowledge from manual
literature curation and experimental data with enrichment analysis to infer relevant
subnetworks under experimental conditions. The multi-species cMonkey approach
(Waltman et al. 2010) includes gene expression data for multiple related organisms
in addition to upstream sequence information and other network knowledge, itera-
tively building biclusters to detect putative co-regulated gene groupings.

Hierarchical Bayesian frameworks provide a natural choice for heterogenous data
integration; Bayesian methods like COGRIM (G. Chen, Jensen, and Stoeckert Jr
2007) and CRNET (X. Chen et al. 2018) have sought to exploit this quality. With
a view to inferring GRNs, integrative Bayesian methods have focussed on directly
modelling putative target gene expression data as a function of regulator activity in
addition to binding strength and sequence information.

Herein, we introduce a novel statistical modelling approach to computationally
inferring the GRN for M. abscessus: BayesIan gene regulatory networks inferreD via
gene coExpression and compaRative genomics (BINDER). BINDER is an integrative
approach, hybridising coexpression data and comparative genomics profiles to infer
prokaryotic regulons. BINDER requires two organisms: an organism of interest, here
M. abscessus, and an annotated proxy organism, here Mycobacterium tuberculosis
(M. tuberculosis). To computationally infer the GRN for M. abscessus we lever-
age existing resources: specifically we exploit several RNA-seq libraries elicited from
M. abscessus generated across a range of experimental conditions, and the unique
availability of a high-quality and comprehensively catalogued ChIP-seq-derived reg-
ulatory network in M. tuberculosis (Galagan et al. 2013). BINDER utilises a primary
data stratum and an auxiliary data stratum. Here, the data forming the primary
and auxiliary strata are derived from RNA-seq experiments and sequence informa-
tion from M. abscessus as well as ChIP-seq data extracted from the related M.
tuberculosis. BINDER is a Bayesian hierarchical model that appositely models the
type and structure of both this primary and auxiliary data to infer the probability of
a regulatory interaction between a regulator-target pair. The auxiliary data inform
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the prior distributions and the posterior distributions are updated by accounting
for the primary coexpression data in a novel, apposite bivariate likelihood function.
BINDER’s Bayesian framework facilitates the borrowing of information across the
genome yielding estimates of the probability of regulation between regulator and
target candidate genes, as well as quantification of the inherent uncertainty in a
probabilistically principled manner.

In what follows, we explore the performance of BINDER under a range of chal-
lenging simulated data settings, as well as in two case studies using Bacillus subtilis
and Escherichia coli (E. coli) as the primary organisms of interest, for which regula-
tory interactions have been well-established. We present the regulatory interactions
inferred on M. abscessus by BINDER, and explore in detail the putative inferred
regulon corresponding to the transcriptional regulator zur. We also include an ex-
ploration of prior sensitivity concerns and some discussion. The Methods section
(Section 3.7) describes the data utilised and details the architecture of the BINDER
approach.

The results of this effort provide insight to, and a valuable resource for further
studies of, transcriptional control in M. abscessus, and in the family of Mycobacte-
riaceae more generally. Further, the developed BINDER framework has broad appli-
cability, useable in settings where computational inference of a GRN requires inte-
gration of data sources derived from both the primary organism of interest and from
a related proxy organism. A software implementation for BINDER is provided by its
associated R package, which is freely available from github.com/ptrcksn/BINDER.

3.4 Results

3.4.1 Exploring M. abscessus and M. tuberculosis shared or-
thology

It has been established that there is high retention of gene regulation in prokary-
otes between species (Snel, van Noort, and Huynen 2004). Moreover, it has
been demonstrated that gene function is also retained across wide phylogenetic
distances in prokaryotes (Okuda et al. 2005). Given the availability of a large
number of experimentally validated regulatory networks in M. tuberculosis (Gala-
gan et al. 2013), from the standpoint of inferring a GRN in M. abscessus using

https://www.github.com/ptrcksn/BINDER
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conservation phenomena, we quantifed the extent to which genes present in M.
tuberculosis are conserved in M. abscessus. To do so, we employ the Ortholuge
(Whiteside et al. 2013) procedure which facilitates bacterial and archaeal compar-
ative genomic analysis and large-scale ortholog predictions. Through Ortholuge,
we categorise orthologs as belonging to one of five tiers, ranging from more reli-
able to less reliable: supporting-species-divergence (SSD), borderline supporting-
species-divergence (borderline SSD), Reciprocal-best-BLAST (RBB), similar non-
supporting-species-divergence (similar non-SSD) and non-supporting-species-divergence
(non-SSD). We found 1,343 SSD putative orthologs, 116 borderline SSD putative
orthologs, 845 genes that satisfied the RBB criteria but did not undergo any further
analysis, 6 similar non-SSD putative orthologs and 85 non-SSD putative orthologs.
In total, we found 2,395 predicted orthologs of all qualities, equating to ≈ 48% of
all annotated genes in M. abscessus.

In terms of regulatory interactions, for 34 orthologous regulators of interest and
where possible, we performed a one-to-one mapping of all validated regulatory in-
teractions in M. tuberculosis to their corresponding orthologs in M. abscessus. We
found a mean regulon size in M. tuberculosis of 107.91 genes (sd: 128.78). Of
these 34 regulons, the mean regulon proportion comprising orthologous interactions
in M. abscessus is 0.61 (sd: 0.16) (Figure 3.1). These results are suggestive of
conserved regulatory interactions between M. tuberculosis and M. abscessus.

3.4.2 BINDER Simulation Study

In order to evaluate the performance of BINDER (Section 3.7.2), we perform a
simulation study across a number of settings. Our focus is on exploring the im-
pact of BINDER’s hierarchical Bayesian model structure and on the influence of the
inclusion of the auxiliary data when inferring a GRN. Specifically we focus on the
parameter θr,t representing the probability of an interaction in the (r, t)th regulator-
target pair and consider two simplified versions of the BINDER model:

• Deterministic model : each θr,t is modelled deterministically as a linear func-
tion of the auxiliary data. Thus BINDER’s prior on θr,t is replaced by:

logit(θr,t) = ζr + τMEr
MEr,t + τPEr

PEr,t
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Figure 3.1: Number of target genes in the 34 orthologous M. tuberculosis regulons.
Also illustrated is the the extent of orthology between M. tuberculosis and M.
abscessus.



90 CHAPTER 3. GENE REGULATORY NETWORK FOR M. ABSCESSUS

• Non-auxiliary model : no auxiliary data are used during inference on θr,t, which
are instead inferred based on the primary data only. In this case BINDER’s
prior on θr,t is instead replaced by the prior logit(θr,t) ∼ U(−∞,∞).

In addition, the impact on inference of noisy primary data and of large variability
in the true underlying θr,t parameters is also of interest. Since the primary data CP
and CM are assumed to be Nl{logit(θr,t), ψkr

} for k ∈ {CP, CM}, larger values
of ψkr

reflect noisier primary data. Similarly, logit(θr,t) ∼ N (γr,t, φr), with larger
values of φr reflecting larger variation in the underlying regulatory interaction prob-
abilities. Hence, we compare the performance of BINDER, the deterministic model
and the non-auxiliary model on 9 distinct dispersion parameterisations corresponding
to the Cartesian product of ψr = {ψCMr , ψCPr} = {low = 1,mid = 2, high = 3}
and φr = {low = 1,mid = 2, high = 3}.

For each of the nine dispersion settings, we simulate three data sets, each with
N = 1, 000 regulator-target pairs. To challenge the BINDER model, we consider
weakly informative auxiliary data: ME and PE are generated from a Bernoulli dis-
tribution with success parameter 0.1. We compute γr,t according to (3.1) where
(ζr, τMEr

, τPEr
) = (−3.5, 3.8, 2.9) and simulate logit(θr,t) ∼ N (γr,t, φr). Finally,

for the primary data, we simulate CMr,t ∼ Nl(logit(θr,t), ψCPr
) and CPr,t ∼

N (logit(θr,t), ψCMr
). Model performance across the 27 settings considered was

assessed using the mean absolute deviation (MAD) (Nyamundanda, Gormley, and
Brennan 2014) between each true simulated θr,t and its resulting posterior mean
estimate.

We observed competitive performance of the BINDER approach over both the
deterministic and non-auxiliary approaches for the majority of settings considered
in terms of lower MAD (Figure 3.2). Specifically, the mean for the MAD statis-
tics for the BINDER approach was 0.087 (sd: 0.034) as compared with 0.120 (sd:
0.050) and 0.120 (sd: 0.056) for the deterministic and non-auxiliary approaches
respectively (standard deviations in parentheses). The deterministic approach has
a tendency to perform worse in instances where the dispersion around each θr,t

value is large (i.e. high values for φr). This is to be expected as the deterministic
approach has insufficient flexibility to model θr,t values that lie distant from their
mean value resulting in higher MAD statistics. On the contrary, the deterministic
approach does well in the setting of low φr. In contrast, the non-auxiliary approach
tends to be less sensitive to changes in the dispersion around the mean of the distri-
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bution of θr,t. However, given that the non-auxiliary approach only uses the primary
data to infer θr,t, when the level of dispersion around the mean of CP and CM is
high (i.e. high values for ψr) the primary data contain a weaker signal leading to
poor estimation of the true θr,t and resulting in higher MAD statistics. As a com-
promise between the deterministic and non-auxiliary approaches, BINDER utilises
the information contained in the auxiliary data whilst, simultaneously, providing the
flexibility to accommodate observation-specific variation in the regulation interac-
tion probabilities resulting in more accurate inference. BINDER outperforms the
non-auxiliary model in all settings considered, and is only marginally outperformed
in a minority of cases by the deterministic model in settings where φr is mid or low.

3.4.3 Application of BINDER to Escherichia coli and Bacillus
subtilis data

As a benchmarking exercise to assess the performance of BINDER on a bona fide
regulatory interaction data set, we investigated BINDER’s ability to infer interac-
tion plausibility for the fur and lexA regulons in Escherichia coli (Jang et al. 2017)
and Bacillus subtilis (Earl, Losick, and Kolter 2008). Where E. coli constitutes the
organism of interest, Pseudomonas aeruginosa (de Lorenzo 2015) constitutes the
proxy organism and where B. subtilis is the organism of interest, Listeria monocyto-
genes (Farber and Peterkin 1991) fulfils the role of the proxy organism. Considering
two regulons across these well researched settings allows for intra-regulon and inter-
regulon analysis as well as intra-organism and inter-organism analysis.

The ferric uptake regulator, or fur, is a transcriptional factor originally described
as a repressive regulator of genes involved in iron import. Since then, aside from
iron-homeostasis, fur has been shown to be associated with processes such as re-
sistance to oxidative stress, pH homeostasis and quorum sensing as well as other
cellular mechanisms (Harrison et al. 2013). In bacteria, the SOS response provides
the means for responding to DNA damage; the expression of genes comprising the
SOS regulatory network is under the control of lexA (Fornelos, Browning, and Butala
2016). lexA is a global transcription factor that undergoes cleavage during stress
permitting expression of DNA repair functions (Butala, Zgur-Bertok, and Busby
2009). lexA also regulates genes that are not comprised within the SOS response
program (Fornelos, Browning, and Butala 2016).
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Here we avail of well-established regulator-target interactions as detailed by
RegulonDB (Santos-Zavaleta et al. 2018) for E. coli and well-established regulator-
target interactions as per SubtiWiki (Zhu and Stülke 2017) for B. subtilis. To build
the primary data, we used E. coli expression data from COLOMBOS (Meysman
et al. 2014) and B. subtilis expression data from SubtiWiki (Nicolas et al. 2012).
For the auxiliary data, we use regulatory sequence motifs and orthologous target
interactions from P. aeruginosa and L. monocytogenes curated by collecTF (Kiliç
et al. 2014).

We consider the BINDER, deterministic and non-auxiliary approaches to infer
the GRNs in Escherichia coli and in Bacillus subtilis from their primary and auxiliary
data. Non-informative priors were employed with mean hyperparameters set to 0
and standard deviation hyperparameters set to 3, with the exception of the prior
on φr which was set to φr ∼ N(0,∞)(1, 0.1) for regularisation purposes. Further,
we also consider iRafNet (Petralia et al. 2015) which employs an integrative prior-
information-based approach to random forest inference of GRNs from expression
data. For iRafNet, we applied the algorithm to each target candidate of interest
individually using the fur and lexA regulator genes as predictors; further, in addition
to the standardised expression matrix, for the iRafNet prior information matrix W ,
the element wij , corresponding to the ith regulator and jth target candidate, was
configured such that wij = exp(1) if ME = 1 or PE = 1 and wij = exp(0) for i 6= j.

In total, of the 4,221 uniquely labelled genes present in RegulonDB with available
expression data, 67 correspond to well-established regulatory interactions concern-
ing fur and 23 correspond to well-established interactions concerning lexA in E.
coli. For B. subtilis, of the 4,162 uniquely labelled genes with available expression
data, 58 correspond to well-established regulatory interactions with fur and 57 to
well-established regulatory interactions with lexA.

For the fur regulon in E. coli, BINDER achieved an area under curve (AUC) of
0.880. Notably however, in contrast to BINDER, iRafNet omits data recorded under
conditions for which expression levels for all genes are not available. Thus, in order
to fairly compare performance with iRafNet, we applied BINDER to a reduced ex-
pression matrix comprising fewer conditions such that no missing data were present.
BINDER achieved an AUC of 0.787 as compared with 0.710, 0.654 and 0.725 for the
non-auxiliary, deterministic and iRafNet approaches respectively (Figure 3.3, Table
3.1).
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Interestingly, for BINDER applied to the reduced coexpression data, the mean
posterior 50th percentile θ50%

fur,t∀t ∈ T corresponding to validated regulatory interac-
tions was only 0.0050 as compared with 0.0016 for the mean θ50%

fur,t corresponding
to observations without evidenced regulatory interactions (Figure 3.4). That this
BINDER implementation achieved a corresponding AUC of 0.787 suggests that the
distribution of θ50%

fur,t values is highly skewed to the right, and thus their relative
magnitude is of importance when observing BINDER’s output. Interestingly, we
did not observe this effect when BINDER was applied to the complete expression
data. Thus, we imposed a more informative prior φfur ∼ N(0,∞)(10, 0.01) and ap-
plied BINDER again resulting in a mean θ50%

fur,t corresponding to validated regulatory
interactions of 0.2427 as compared with 0.1833 for the mean θ50%

fur,t corresponding
to observations without evidenced regulatory interactions (Figure 3.4). However,
with this informative prior the AUC dropped to 0.729. This is almost identical to
the AUC for the non-auxiliary implementation which is intuitive because as φfur in-
creases, the auxiliary stratum provides diminishing influence (Figure 3.3, Table 3.1).

For the lexA regulon in E. coli, BINDER achieves an AUC of 0.888. Once
again, in order to compare performance with iRafNet, we re-applied BINDER to a
reduced expression matrix comprising fewer conditions such that no missing data
were present. For the reduced expression data BINDER achieved an AUC of 0.857
as compared with 0.768, 0.778 and 0.829 for the non-auxiliary, deterministic and
iRafNet approaches respectively(Figure 3.3, Table 3.1).

Model fur (E. coli) lexA (E. coli) fur (B. subtilis) lexA (B. subtilis)
iRafNet 0.725 0.829 0.694 0.819

Deterministic 0.654 0.778 0.746 0.767
Non-auxiliary 0.710 0.768 0.878 0.728
BINDER 0.787 0.857 0.905 0.855

BINDER (all) 0.880 0.888 - -
BINDER (informative p(φ)) 0.729 - - -

Table 3.1: AUC scores achieved by each modelling approach for each regulon in
each organism.

Performance was similar for the B. subtilis organism (Figure 3.3, Table 3.1).
For the fur regulon, BINDER achieved an AUC of 0.905 as compared with 0.878,
0.746 and 0.694 for the non-auxiliary, deterministic and iRafNet approaches respec-
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tively. For the lexA regulon, BINDER achieves an AUC of 0.855 as compared with
0.728, 0.767 and 0.819 for the non-auxiliary, deterministic and iRafNet approaches
respectively.

Not only does BINDER out perform all other considered approaches in terms
of AUC, but, considering false positive rates in the neighbourhood of 0, BINDER
tends to achieve higher true positive rates than any of the other approaches. This
is particularly important because, owing to sparse regulatory connectivity across a
given genome, regulon mapping is typically a minority class problem i.e. the vast
majority of target candidates will constitute negatives for most regulators. This
implies that a low false positive rate can still translate to a large number of false
positives.

The ability of BINDER to integrate and borrow information across primary and
auxiliary data when inferring a GRN is demonstrated in Figure 3.5 for the particular
case of the lexA regulator in B. subtilis when there is no auxiliary evidence. Only
the full BINDER implementation is capable of tempering estimates when there is
disagreement between interaction status and auxiliary evidence; when there is an
interaction but no auxiliary evidence BINDER is capable of exploiting the individual
primary data values, CM and CP, to provide higher estimates to the regulator-target
candidate; however, the deterministic approach lacks the flexibility to provide any
high θ50%

lexA,t estimates in the absence of auxiliary evidence. Similarly, owing to the
lack of auxiliary evidence, BINDER is capable of tempering its estimates for θ50%

lexA,t
when there is no interaction and no auxiliary evidence; in contrast, the non-auxiliary
approach results in high θ50%

lexA,t estimates for all observations with high primary data
values CM and CP. BINDER’s hierarchical modelling structure and ability to bor-
row local and global information from both the primary and auxiliary data sources
results in more realistic estimates: higher θ50%

lexA,t estimates for putative interactions
and lower θ50%

lexA,t estimates for putative non-interactions in general. Synoptically,
BINDER’s ability to integrate the information on whether a given regulator-target
pair has an affinity for the predicted motif and/or an orthologous regulatory in-
teraction in the proxy organism with the information provided in the primary data
stratum provides greater flexibility.
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3.4.4 Application of BINDER to M. abscessus data

With a view to producing a model of regulation in M. abscessus, we leveraged data
from across 34 orthologous ChIP-seq validated interactions in M. tuberculosis and
from 32 RNA-seq libraries from across 16 distinct experimental conditions in M.
abscessus. We considered R = 34 orthologous regulators in M. tuberculosis, and
T = 4920 target candidates in the M. abscessus genome, yielding N = 167, 280
regulator-target pairs. For computational efficiency, given the likelihood function
can be factored by regulator, we run BINDER on the R = 34 orthologous regu-
lators’ data in parallel. To computationally infer the gene regulatory network for
M. abscessus the posterior distribution p(θr,t| . . .) is of key interest, for r ∈ R and
t ∈ T with . . . denoting all auxiliary and primary data and other model parameters.

Prior Sensitivity Analysis

In order to assess the sensitivity of inference to the prior distribution specifications,
we constructed three different prior parameterisation settings and compared the re-
sulting inferences. The three settings considered were labelled as ‘non-informative’,
‘informative’ and ‘precise’ (Table 3.2). In particular, the informative settings reflect
a priori beliefs that: (1) the auxiliary data PE and ME would encode a reliable posi-
tive indication as to whether a given regulatory interaction exists and (2) a negative
intercept would be required to correctly model interaction plausibility. The precise
setting reflects more extreme versions of the informative setting (in terms of smaller
auxiliary data scale hyperparameters).

Inference was relatively insensitive to prior specification in terms of MAD scores
for θ50%

r,t (uninformative versus informative: 0.0040, sd: 0.0094; uninformative ver-
sus precise: 0.0183, sd: 0.0466; informative versus precise: 0.0168, sd: 0.0437,
Figure 3.6). Using a classification criterion such that regulator-target pairs with a
posterior 50th percentile θ50%

r,t > 0.9 are classified as positive regulation cases, com-
paring uninformative to informative positive regulation cases yielded an adjusted
Rand index (Hubert and Arabie 1985) of 0.9247, versus 0.5203 and 0.5553 for un-
informative versus precise and informative versus precise respectively (an adjusted
Rand index of 1 indicates perfect agreement). Thus, for the remainder of this work,
with a view to allowing the data to determine the parameter estimates without
imposing strong beliefs, we focus on the uninformative parameterisation.
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Hyperparameter Uninformative Informative Precise
µζr 0 -3 -3
σζr

3 1 0.1
µτMEr

0 3 3
στMEr

3 1 0.1
µτPEr

0 3 3
στPEr

3 1 0.1
µφr 0 0 0
σφr

1 0.5 0.1
µψCPr

0 0 0
σψCPr

3 1.5 0.5
µψCMr

0 0 0
σψCMr

3 1.5 0.5

Table 3.2: Prior parameterisation settings considered for sensitivity analysis of
BINDER.

Inferred regulatory interactions in M. abscessus

Of the N = 167, 280 regulator-target pairs considered in M. abscessus, under the
uninformative parameterisation, BINDER identified 54 pairs across 5 transcription
factors with a posterior 50th percentile θ50%

r,t > 0.9 (Table 3.3). Of these 54 in-
teractions, 24 are known to have validated orthologous regulatory interactions in
M. tuberculosis as per ChIP-seq data (Figure 3.7); the number of interaction pairs
almost doubles by reducing the threshold by 0.1 (102 pairs with 31 known orthol-
ogous interactions satisfying θ50%

r,t > 0.8 ). In comparison, under the informative
parameterisation, a similar effect was observed with 54 pairs with 21 known orthol-
ogous interactions satisfying θ50%

r,t > 0.9. A more conservative effect was observed
for the precise settings: 33 pairs across 28 transcription factors with a posterior
50th percentile θ50%

r,t > 0.9.

As expected, for all parameterisations, the vast majority of posterior distribu-
tions of θ were centred at low values, suggesting low levels of regulatory connectiv-
ity across the M. abscessus interactome; the mean 50th percentile for all of θ was
0.085 (sd: 0.106) for the uninformative parameterisation and 0.087 (sd: 0.105) and
0.0885 (sd: 0.0995) for the informative and precise parameterisations respectively.
It should be noted that in the benchmarking exercise (Section 3.4.3) we observed
that the nominal value of a regulator-target pair’s θ50%

r,t is not always as informative
as its relative magnitude to {θr,1, . . . , θr,N}. In general, whilst there were many
instances of plausible conserved interactions, the results suggest evidence for many
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non-conserved interactions that may be unique to M. abscessus. Further, it can
be observed that for a given regulator, many of the regulated genes appear to be
spatially clustered along the genome (Figure 3.7). This observation lends support to
the concept of gene colocalization arising as a means to affect efficient transcription
(Michalak 2008; Pannier et al. 2017).

Regulator
Locus Tag

Regulator
Gene Name

Total
Interactions

Conserved
Interactions

Unconserved
Interactions

MAB_0599 - 8 4 4
MAB_1678c zur 15 8 7
MAB_4086 - 8 1 7
MAB_4270c hspR 7 4 3
MAB_4449c - 16 7 9

Table 3.3: Regulator-target pairs achieving a posterior θ50%
r,t > 0.9 in M. abscessus

by regulator under the uninformative parameterisation.

The parameter ζr in the auxiliary component influences the inferred probability
of regulator-target interaction before any further regulator-target pair information is
taken into account, with larger values of ζr meaning higher interaction probabilities.
In this sense, each ζr is related to the ubiquity of regulation by regulator r across
the genome. Under the uninformative parameterisation, we observed an average
posterior mean of -6.63 across all regulator models (sd: 4.07). Hence, intuitively,
conditional on the auxiliary data ME and PE being zero, the probability of a regu-
latory interaction is low.

The parameter τMEr captures the influence the auxiliary ME data has on the
prior mean of the inferred probability of a regulatory interaction between regulator
r and target t, given all other covariates. Across all regulators, under the uninfor-
mative parameterisation, we observed an average posterior mean for τMEr

of 1.43
(sd: 0.9982) (Figure 3.8). The parameter τPEr

has a similar interpretation for the
auxiliary data PE. Across all regulators, under the uninformative parameterisation,
we observed an average posterior mean for τPEr

of 1.95 (sd: 1.8981) (Figure 3.8).
These results suggest that, on average, both ME and PE are positively correlated
with the primary data in the likelihood. Given the phenomenon of genomic con-
servation, this is as we would expect and lends credence to the BINDER approach.
Furthermore, although the mean posterior means for τMEr

and τPEr
are quite simi-
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lar, the latter has larger variation suggesting higher volatility in the influence of PE
than in the influence of ME.

In terms of scale parameters, under the uninformative parameterisation, φ tended
to have the lowest posterior mean values (average posterior mean of 1.12 with stan-
dard deviation 1.0067) (Figure 3.9). Both ψCMr

and ψCPr
yielded larger posterior

mean estimates. In particular, under the uninformative parameterisation, ψCMr

yielded an average posterior mean of 4.23 (sd: 1.7713) and ψCPr
yielded an aver-

age posterior mean of 3.63 (sd: 1.4499), suggesting that the primary CM data tend
to lie further from logit(θr,t) than CP (Figure 3.9). Also, the larger average poste-
rior mean associated with ψCMr

compared with that of ψCPr
is intuitive, given the

extra uncertainty associated with motif inference (comprised within CM) compared
with validated orthologous interactions comprised within CP.

Interpretation of results: composition of the zur regulon

As an example of a putative discovery facilitated by BINDER, we examine the in-
ferred regulon corresponding to the transcriptional regulator zur (MAB_1678c).
The zur regulator present in M. tuberculosis and M. abscessus is a zinc-responsive
transcription factor. Zinc is an essential element for life in many organisms (Mikhaylina
et al. 2018). In addition to its role as a structural scaffold for many proteins, it fulfils
a critical function as a frequent enzyme and DNA-binding protein cofactor (Vallee
and Falchuk 1993). However, zinc can be toxic at high concentrations (Blencowe
and Morby 2003). For prokaryotes, efficient zinc acquisition, concentration and
tolerance are critical processes for survival and pathogenicity (Capdevila, J. Wang,
and Giedroc 2016). Zinc homeostasis in prokaryotes is achieved via cellular import
and export, zinc binding, and zinc-sensing (Capdevila, J. Wang, and Giedroc 2016).
Cellular zinc levels are maintained by importer and exporter proteins which are then
regulated at the transcriptional level by several zinc-responsive transcription factors
(Shin and Helmann 2016), including the zur regulator.

As per ChIP-seq results, the original regulon pertaining to zur in M. tuberculosis
(Rv2359/furB) comprised 26 target genes (12 directly regulated targets); under the
uninformative parameterisation, of these targets, 14 (53.8%) contained orthologs
in M. abscessus. Using the cutoff criterion θ50%

zur,t > 0.9, BINDER suggested 15 tar-
get candidate genes in M. abscessus be considered valid targets of zur, 8 of which
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correspond to evidenced interactions in M. tuberculosis. Gene ontological analysis
carried out on the putative targets provided intuitive insight, revealing up-regulated
biological processes (p ≤ 0.05) corresponding to metal ion transport.

BINDER also identified a number of interesting non-conserved putative tar-
gets for zur. For example, MAB_1046c, is annotated as a cobalamin synthesis
protein. This is interesting as MAB_0335, one of the identified conserved tar-
gets, is also annotated as a cobalamin synthesis protein. This is perhaps owing
to the role of cobalamin as a cofactor for cobalamin dependent methionine syn-
thase in prokaryotes. Cobalamin dependent methionine synthase is involved in zinc
ion binding (Pejchal and Ludwig 2005). Further, MAB_2698c and its immediately
adjacent neighbour MAB_2699c also yield high θ50%

zur,t posterior estimates; gene on-
tology suggests that MAB_2699c, another unconserved putative target, is involved
in pseudouridine synthesis/pseudouridine synthase activity; pseudouridine synthases
catalyse the isomerisation of uridine to pseudouridine in RNA molecules and are
thought to act as RNA chaperones. Intriguingly, pseudouridine synthase I (TruA)
(Ramamurthy et al. 1999), one of the four distinct families of pseudouridine syn-
thases, contains one atom of zinc essential for its native conformation and tRNA
recognition (Arluison et al. 1998). Another unconserved target is the proline-proline-
glutamate (PPE) like gene MAB_0809c; PPE genes are widely considered to play
a key role in pathogenesis. Interestingly, phagosomes containing PPE genes found
to disrupt lysosome-phagosome fusion have been shown to display differences in
zinc levels relative to corresponding phagosomes containing PPE-knockout mutants
(Jha et al. 2010). Another highly-probable unconserved interaction, MAB_1680,
is annotated as a putative transmembrane protein. Given its association with zur,
MAB_1680 is perhaps involved with zinc uptake in M. abscessus.

3.5 Discussion

In this work we have inferred the GRN in M. abscessus using the BINDER approach,
the primary purpose of which is to infer the probability of pairwise interactions in
a collection of regulator-target pairs. BINDER exploits experimental coexpression
data in tandem with the property of genomic conservation to probabilistically infer
a GRN in M. abscessus. To infer a GRN, BINDER proceeds by binding information
from data in primary and auxiliary strata.
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BINDER facilitates information sharing horizontally (by sharing parameters in
the same layer of the model hierarchy) and vertically (by sharing of parameters
in distinct strata of the hierarchy). The likelihood function assumes independence
of the assumed logit-normal distributed primary data variables, conditional on the
shared parameter of interest θr,t, representing the probability of an interaction in
the (r, t)th regulator-target pair. Further, the mean of this interaction probability’s
logit-normal distribution is informed by a linear function of the auxiliary data, serv-
ing as a proxy for genomic conservation information. Thus inference is strengthened
through the borrowing of information across variables and strata.

With the exception of PE, the construction of all variables considered (i.e. ME,
CM and CP) involves the choice of thresholds and/or decisions. For example, from
the outset we have formed a TFBS-based module binary membership structure and
an orthologous target binary membership structure, recorded in the auxiliary binary
variables ME and PE respectively, on which the primary variables CM and CP rely.
However, in order to circumvent potential loss of information associated with such
hard membership, a “soft" approach using scale free topology or clustering coef-
ficients may be worth exploring. Under these scenarios, the idea of membership
has a continuous representation (Langfelder and Horvath 2008). Further, the aux-
iliary variable ME is derived from thresholding a p-value and as such is sensitive to
the cutoff point ε selected. The BINDER approach also implements a further two
threshold points δCM and δCP; clearly it is of paramount importance to choose these
thresholds in an informed and careful manner. We have employed a hypergeometric
framework for CM and CP, but any mapping to [0, 1] is possible. Again, topological
overlap mapping or clustering coefficent mapping (Langfelder and Horvath 2008)
are alternative approaches. With a view to foregoing the need to choose a threshold
at all, simply mapping a regulator-target pair to the mean of its coexpression with
members of the ME and PE modules is possible because the mean of a group of
unsigned coexpressions will also lie in [0, 1]; validation studies suggests that this ap-
proach, although convenient, does not perform quite as well as the hypergeometric
framework.

It should be noted that, for our purposes, we had a relatively small-scale expres-
sion compendium with which to form our coexpression networks. Both the volume
and diversity of RNA-seq conditions used to construct the coexpression networks
may not be fully sufficient to computationally infer the entire GRN in M. abscessus.
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Small coexpression data sets are more likely to comprise noisy correlation results
and similar experimental conditions have the effect of duplicating expression infor-
mation leading to low numbers in terms of effective sample sizes. Similarly, for
some regulators, we observed a lack of specificity in binding sites (owing to very
long binding regions and small numbers of binding interactions); this has the effect
of negatively impacting motif inference (i.e. false discovery of erroneous motifs).
Naturally, more reliable data are preferable, however where data are less reliable,
it is possible to account for this uncertainty through specification of the hyperpa-
rameters in the priors on the variable-specific parameters. Regardless, as the signal
deteriorates (e.g. erroneous consensus motifs, inaccurate binding interactions), in-
ference will suffer and thus it is important to ensure that all data sources are as
accurate as possible. For the above reasons, it may be worthwhile to examine the
more conservative BINDER parameterisations (i.e. the precise parameterisations)
detailed above. This parameterisation implements a less diffuse prior distribution
such that candidates lacking auxiliary support are less likely to achieve high θr,t

estimates.

Through the course of this analysis, with a view to focusing on inferred highly
probable regulator-target interactions, we have examined pairs for which the poste-
rior median θ50%

r,t > 0.9. However, the intention behind this model is not to define
interaction probability on the basis of a single point estimate, but rather to provide a
posterior distribution of θr,t. This allows for a more nuanced analysis on interaction
probability estimates than is typically provided by a simple binary classifier. Instead,
we recommend that estimates are received in the context of the scientific question
posed; varying the the number and severity of thresholds and tolerances will al-
low for differing results. Similarly, as noted in the fur regulon inference for E. coli
explored in the benchmarking results, under certain scenarios BINDER estimates
low values for all interaction candidates (both positive and negative cases); this is
either due to influential hyperparameter settings and/or poor agreement between
the auxiliary and primary data. However, even under these scenarios, BINDER can
still estimate higher estimates for positive interaction cases. In such cases, as is
good statistical practise, prior sensitivity analyses should be conducted or it may be
worthwhile to consider regulator results individually.

One obvious limitation of any model that exploits conservation phenomena to
perform inference in scarcely annotated organisms is that such a model can only
make inference based on existing conservation data; indeed BINDER cannot infer
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interaction that may exist in M. abscessus on regulators not considered here. There
are modelling approaches for “de novo" network inference that are based exclusively
on coexpression analysis or other non-conservation based predictors, but such ap-
proaches can contain many false positives (W. Song and Zhang 2015). Instead
BINDER aims to overcome such issues by allowing coexpression-based data have
partial influence on model inference. Moreover, while BINDER requires a consen-
sus sequence motif and a collection of orthologous regulator-target interactions to
perform inference, it is possible to run BINDER with a consensus sequence motif or
a collection of orthologous interactions only. In this case, BINDER comprises one
variable in the auxiliary stratum and one variable in the primary stratum.

One mechanism used by cells to refine and maintain transcription factor levels is
autoregulation. It has been argued that the occurrence of autoregulation positively
correlates with the developmental or physiological importance of the transcription
factor (Crews and Pearson 2009). Given that any gene will have a perfect coexpres-
sion with itself, most expression-based approaches (such as GENIE3 and iRafNet)
to GRN inference are unable to detect transcription factor autoregulation. For a
given regulator, BINDER uses the coexpression profiles of a target gene with genes
under the control of the regulator to inform the probability of a regulator-target
interaction. BINDER does not examine the coexpression of the target candidate
with regulator directly. As a result, BINDER is able to detect autoregulation.

For each regulator considered here, we applied the BINDER approach to all
4,920 annotated protein-coding genes inM. abscessus. However, in theory, BINDER
could be applied to any desired subset of genes. With a view to accurately describ-
ing whole-population behaviour we recommend including all available data, albeit
acknowledging the associated additional computational cost.

Pearson’s correlation was employed here as a measure of coexpression. Al-
though there are other options, with a view to remaining conservative and reducing
false positives, Pearson’s correlation gives high values when expression values are
strongly linearly related. Common alternatives include the more flexible Spearman’s
method, but often with increased flexibility comes an increase in less biologically
significant relationships. Although use of Pearson’s correlation can come at the
cost of increased false negatives, studies have suggested that many coexpression
relationships are linear and monotonic so this issue may be overstated (L. Song,
Langfelder, and Horvath 2012).
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Recent studies have suggested that implementing an ensemble approach to mo-
tif identification can improve detection results (Lihu and Holban 2015). BINDER
could be extended to augment the number of motif search tools used in the analysis.
Similarly, another suggestion might be to augment the number of proxy organisms
from a single proxy organism to k proxy organisms, similar in vein to (Waltman
et al. 2010). A spike-and-slab prior distribution (Ishwaran and Rao 2005) for the
associated model parameters would provide insight on the information contained in
the individual proxy organisms. Furthermore, it is possible to extend the dimen-
sionality of the primary stratum. In general, data that are binary or lie in [0, 1] can
be appended to the primary stratum: for example, the direct coexpression between
a given regulator-target pair could be used to form a trivariate primary stratum.
Although we have used exclusively binary variables in the auxiliary stratum, there is
no restriction on the form of auxiliary data that can be modelled by BINDER.

It may be worthwhile to investigate the effect of incorporating more sophisticated
levels of dependency in the BINDER model. Such dependencies could be based on
operon comembership, on regulator family membership (e.g. the whiB-like family
(Alam, Garg, and Agrawal 2009)), on target reoccurrence or on gene function using
GO (Ashburner et al. 2000) or COG (Tatusov et al. 2000), for example. Here, we
only consider the gene immediately downstream of a confirmed or putative TFBS
to be under the regulation of the associated regulator. Recent studies suggest that
operon organisation is dynamic and, hence, operon structures are capable of chang-
ing across conditions (Fortino, Tagliaferri, and Greco 2016). However, given that
BINDER considers not only the existence of a precedent interaction and/or motif
match for a given candidate, but also the coexpression of that candidate with other
candidates that do comprise a precedent interaction and/or motif match, BINDER is
capable of detecting adjacent gene coregulation. Members of operon structures that
are cotranscribed across all conditions considered will exhibit greater coexpression
than those that are only cotranscribed under a fraction of conditions considered; as
a result, BINDER is able to reflect that behaviour through the θr,t posteriors. Fur-
thermore, it is possible to construct prior distribution parameterisations such that
BINDER will tend to estimate higher θr,t median values for genes in cotranscribed
structures if they comprise a precedent interaction and/or motif match; this may
facilitate the determination of gene importance in cotranscribed structures. Owing
to the lack of assumptions made by BINDER with respect to transcription start
sites and operon co-membership, we expect that the results generated by BINDER
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will sufficiently aid in the generation of dynamic regulatory networks, as well as the
understanding of transcriptional unit plasticity.

3.6 Conclusions

We have sought to determine the evidence for gene regulation in M. abscessus using
a range of expression data from M. abscessus and experimentally validated regula-
tory network data from M. tuberculosis. We have demonstrated the extent to which
there is a correlation between gene regulation in M. tuberculosis and transcriptome
coexpression in M. abscessus. Our results imply not only strong genic conservation
between M. abscessus and M. tuberculosis but also evidence of conservation with
respect to the modes of transcriptomic control between these two organisms.

We have implemented a Bayesian modelling approach to quantifying the prob-
ability of an interaction across a collection of 167,280 regulatory-target pairs. Of
these, 54 regulator-target pairs across 5 transcription factors, were inferred to have
a posterior 50th percentile for θr,t > 0.9 in M. abscessus.

The interactions identified in this study will form a valuable resource for further
studies of transcriptional control in M. abscessus and in the family of Mycobacteri-
aceae more generally. Further, the BINDER framework is applicable across a wider
range of organisms for which similar data are available.

3.7 Methods

3.7.1 Data

Given the paucity of data available from the primary organism M. abscessus (MAB),
BINDER integrates data from a proxy organism M. tuberculosis (MTB) into the
inferential procedure. Specifically, we leverage data from across orthologous ChIP-
seq validated interactions in M. tuberculosis as proxy data and extract the primary
data from 32 RNA-seq libraries across 16 distinct experimental conditions in M.
abscessus. Thus we consider the set of all possible regulator-target interaction can-
didate pairs, arising from the set R = 34 orthologous regulators in M. tuberculosis,
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and T = 4920 target genes in the M. abscessus genome yielding N = 167, 280
regulator-target pairs of interest.

Auxiliary data: motif evidence (ME) and precedent evidence (PE)

Motif Evidence: With respect to a given regulator r, the TFBS status of a target t
is encoded through a binary variable termed motif evidence (ME). Specifically, for
a regulator-target pair, ME takes the value 1 if the corresponding target contains
a putative TFBS for the regulator’s motif in its upstream region and a value of 0
otherwise. Here, the binding motif is assumed to be identical to the binding motif
in the proxy organism.

With a view to determining regulator motifs, we extracted binding sequences
using the National Center for Biotechnology Information (NCBI) M. tuberculo-
sis (Accession: AL123456) complete chromosome sequence and annotation, SMTB.
The evidenced binding region coordinates were provided by ChIP-seq data sets rang-
ing across several induced transcription factor experiments in M. tuberculosis. We
subsequently categorised these binding sequences by regulator with a view to discov-
ering binding sequence consensus motifs. The MEME motif discovery tool (Bailey
and Elkan 1994) was used to infer a single consensus binding motif Mr for each
regulator r ∈ R: in particular, using a DNA alphabet, we searched on both strands
seeking zero or one occurrence per binding sequence of a single consensus motif
between 10 and 30 nucleotides long.

To find putative TFBSs for the derived motifs in the M. abscessus genome, we
defined a sequence region Ut corresponding to the region -300nt to +50nt of the
start of each target of interest t ∈ T . This interval size was chosen in light of
the distribution of intergenic region lengths in the M. abscessus genome. In order
to find putative TFBSs for each Mr, we searched in each Ut using the complete
chromosome sequence and annotation SMAB provided by NCBI for M. abscessus
(Accession: NC010397). In the scenario that the most upstream coordinate of an
immediately adjacent upstream gene was annotated to occur within 300nt of an
upstream region of interest, the upstream region of interest was truncated to the
most upstream coordinate of the upstream gene. To perform this search, we used
the FIMO tool (Grant, Bailey, and Noble 2011) to find the high-scoring upstream
sequences with a q-value ≤ ε = 0.1. We provided a background file encoding
0-order nucleobase probabilities based on all upstream sequences of interest.

In summary, for each regulator-target pair (r, t) for r = 1, . . . , R and t =
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1, . . . , T the motif evidence MEr,t is computed where:

MEr,t =
{

1 if for Mr the FIMO q-value for Ut ≤ ε
0 otherwise.

For a given regulator r, we refer to the set of all genes where MEr,t = 1 as the
‘MEr module’.
Precedent Evidence: The presence of an annotated orthologous regulator-target in-
teraction in the proxy organism is encoded in the binary variable termed precedent
evidence (PE). For a regulator-target pair, PE takes the value of 1 if such an
orthologous interaction exists and takes the value of 0 otherwise.

Specifically, given both the proxy genome GMTB and the primary genome of
interest GMAB, Ortholuge (Whiteside et al. 2013) derived one-to-one orthologs were
used to map orthologous regulator-target interactions from GMTB to GMAB. ChIP-
seq data sets drawn from 34 induced transcription factor experiments in GMTB

were scanned for orthologous regulator-target interactions with respect to GMAB;
orthologous regulator-target pairs were subsequently grouped by regulator to derive
a rudimentary orthology of regulons in GMAB.

Thus, given the rudimentary orthology, for a given regulator r and target t:

PEr,t =
{

1 if orthologous evidence of r regulating t in GMTB

0 otherwise.

As in the ME case, for a given regulator r, we refer to the set of all genes where
PEr,t = 1 as the ‘PEr module’.

Primary data: coexpression of motif and precedent evidence

Coexpression of Motif Evidence: Exploiting the property that genes sharing a com-
mon regulator exhibit strong coexpression (Y. Wang and Huang 2014), we computed
a measure termed coexpression of motif evidence (CM). For a given regulator, using
the motif derived from the proxy organism, CM quantifies the extent to which a tar-
get gene coexpresses with genes that have strong affinity for the putative regulator
motif in the primary organism.

Specifically, for a regulator binding sequence motif Mr inferred from GMTB,
we define CMr,t for a given gene regulator-target pair (r, t) in GMAB. We define
the reduced primary genome GMAB,−Ot

= GMAB \ Ot, where Ot is a t-inclusive
set of genes in GMAB that should not be used in the calculation of CMr,t. This
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set will naturally include t, but can contain any other genes that are not desired
for calculation of CMr,t. The variable CMr,t lies in [0, 1], where values closer
to 1 represent stronger correlation between expression levels of the target t with
genes in GMAB,−Ot producing strong matches to the inferred sequence motif Mr.
Specifically, for a regulator-target pair

CMr,t =
{

hypergeometric(a|b, c, d) for a, b, d ≥ 1
0 otherwise

where hypergeometric(a|b, c, d) represents the cumulative distribution function of
a hypergeometric random variable a with parameters b, c and d where, for some
threshold δCM,

• a is the number of genes in GMAB,−Ot that belong to the MEr module and
have an absolute expression correlation with gene t > δCM

• b is the number of genes in GMAB,−Ot exhibiting an absolute expression cor-
relation with gene t > δCM

• c is the number of genes in GMAB,−Ot exhibiting an absolute expression cor-
relation with gene t ≤ δCM

• d is the number of genes in GMAB,−Ot that belong to the MEr module.

A Benjamini and Hochberg adjustment (Benjamini and Hochberg 1995) is applied
to these probabilities to relax the observed polarisation of probabilities around 0 and
1; for a given regulator r, the adjustment is relative to all targets t ∈ T . We expect
genes under the control of regulator r to coexpress strongly with members of the
MEr module. For our purposes, we vary the threshold such that each δCM is specific
to each target. For a given target t, assuming CXi,j represents the coexpression
between genes i and j, we choose δCM to be equal to the 95th percentile of all
values in the set {CXt,g for g ∈ GMAB,−Ot

}.
Coexpression of Precedent Evidence: Analogous to CM, we develop a score of coex-
pression of precedent evidence, CP. For a given regulator, CP quantifies the extent
to which a target gene coexpresses with orthologs of genes comprising regulator-
target interactions in the proxy organism.

Specifically, for regulator r, we define the regulon Pr as the collection of orthol-
ogous interactions annotated in GMTB. For a given gene regulator-target pair (r, t)
in GMAB the variable CPr,t is defined on the interval [0, 1], where values closer to 1
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represent stronger expression correlation of gene t with orthologs of genes from Pr

in GMAB,−Ot . That is,

CPr,t =
{

hypergeometric(a|b, c, d) for a, b, d ≥ 1
0 otherwise

where, for a threshold δCP

• a is the number of genes in GMAB,−Ot
that belong to the PEr module and

have an absolute expression correlation with gene t > δCP

• b is the number of genes in GMAB,−Ot containing an ortholog in GMTB and
exhibit an absolute expression correlation with gene t > δCP

• c is the number of genes in GMAB,−Ot
containing an ortholog in GMTB and

exhibit an absolute expression correlation with gene t ≤ δCP

• d is the number of genes in GMAB,−Ot that belong to the PEr module.

Again, the probabilities are subject to Benjamini and Hochberg adjustment relative
to all target candidates t ∈ T . We expect genes under the control of regulator r to
coexpress strongly with members of the PEr module. Thus again we choose δCP to
be equal to the 95th percentile of all values in the set {CXt,g for g ∈ GMAB,−Ot

}.
With a view to quantifying coexpression in GMAB, the expression profiles (using

reads per kilobase per million (RPKM) (P. Li et al. 2015)) of all genes constituting
the NCBI GenBank annotation for the GMAB genome were computed across 32
RNA-seq libraries (comprising 16 distinct experimental conditions) elicited from a
range of astringent response and control experiments. In order to compute the
corresponding coexpression profiles, we generated the unsigned Pearson correlation
coefficient of all possible pairwise annotated gene-pair combinations. All read files
were aligned using Bowtie (version 1.2.2) (Langmead et al. 2009) and totalled using
Samtools (version 1.7) (H. Li et al. 2009). RNA-seq libraries can be found on NCBI’s
Gene Expression Omnibus (Accession: GSE78787).

3.7.2 The BINDER model for inferring a GRN

Borrowing strength across the primary and auxiliary data sets, we computationally
infer the GRN for M. abscessus through a novel statistical modelling approach:
BayesIan gene regulatory Networks inferreD via gene coExpression and compaRa-
tive genomics (BINDER). BINDER is a Bayesian hierarchical model that appositely
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models the type and structure of both the primary and auxiliary data to infer the
probability of a regulatory interaction between a regulator-target pair candidate.
Each of N = |R| × |T | observations is a regulator and target candidate pair (r, t)
from the set of regulators R and the set of target candidates T in the M. abscessus
genome. Interest lies in the probability θr,t of there being an interaction between
regulator r and target t. Thus, inferring θr,t facilitates inference of the M. abscessus
GRN.

As stated, BINDER integrates primary data from M. abscessus with data from
the proxy organism M. tuberculosis. Specifically, the variables CM and CP (Sec-
tion 3.7.1) constitute the primary data stratum whilst ME and PE (Section 3.7.1)
constitute the auxiliary stratum. As BINDER is a Bayesian hierarchical model, the
auxiliary data inform the prior distribution for each θr,t; the posterior distribution
for each θr,t is then updated by accounting for the primary data.

To define the likelihood function of the BINDER model we appositely model the
primary data type and assume logit-normal distributions for CM and CP. As such,
in the case where CMr,t or CPr,t were 0 or 1, they were increased or decreased
respectively by a small factor (10−4). Further we assume, given θr,t, the regulator-
target pairs and primary variables are conditionally independent:

L(θ, ψCM, ψCP|CM,CP) =
∏
r∈R
t∈T

Nl{CMr,t|logit(θr,t), ψCMr}Nl{CPr,t|logit(θr,t), ψCPr}

HereNl(x|a, b) denotes the logit-normal distribution of x with location and standard
deviation parameters a and b respectively. The location parameter is common across
the distributions for CM and CP. This shared parameter enables the borrowing
of information across variables, in addition to facilitating tractability through the
conditional independence assumption. The conditional independence assumption is
widely employed in other settings, such as latent class analysis (Linzer and Lewis
2011) (White and Murphy 2014).

As with any Bayesian hierarchical model, prior distributions are specified on the
BINDER model parameters. For each θr,t we posit a logistic normal prior such that
logit(θr,t) ∼ N (γr,t, φ) where φ is the standard deviation parameter controlling the
level of dispersion around the mean. The mean γr,t is informed by the auxiliary data
ME and PE on the regulator-target pair (r, t) through a linear model. Specifically:

γr,t = ζr + τMEr
MEr,t + τPEr

PEr,t (3.1)
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Independent priors are then posited on the parameters in (3.1) such that the inter-
cept ζr ∼ N (µζ , σζ) and a truncated normal prior is assumed on the slope param-
eters: τkr ∼ N(0,∞)(µτk

, στk
) for k ∈ {ME,PE}. This truncated normal prior with

mass on the positive real line reflects the assumption that the presence of regulation
in regulator-target pair (r, t) in the proxy organism is suggestive of the presence of
such regulation inM. abscessus. To complete the model setup, prior distributions are
placed on the scale parameters such that ψlr ∼ N(0,∞)(µψl

, σψl
) for l ∈ {CP,CM}.

The hyperparameters of all the specified prior distributions must be set by the prac-
titioner and their values are potentially influential; sensitivity of inference to their
choice is explored in Section 3.4.4.

In order to infer the GRN for M. abscessus, the set of parameters {θr,t : r ∈
R, t ∈ T} are of primary interest. Thus the required posterior distribution is

p(θ|CM,CP,ME,PE,µ,σ) =
∫
τ

. . .

∫
ψ

p(θ,ψ,φ, τ , ζ|CM,CP,ME,PE,µ,σ)dψdφdζdτ

This posterior distribution is explored using Stan (Carpenter et al. 2017), a state-of-
the-art platform for statistical modelling and computation for large data sets that
employs Hamiltonian Monte Carlo methods (Duane et al. 1987) to draw samples
from the posterior distribution of interest. An illustration of the BINDER model is
provided in Figure 3.10.

3.8 Availability of data and materials

An implementation of the BINDER approach is available as an R package at
github.com/ptrcksn/BINDER. The datasets generated and analysed in the current
study are available at github.com/ptrcksn/BINDER_paper_analysis.

https://www.github.com/ptrcksn/BINDER
https://www.github.com/ptrcksn/BINDER_paper_analysis
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Figure 3.10: Graphical representation of the hierarchical BINDER model; squares
correspond to observed data, large discs correspond to random parameters and
small discs correspond to fixed hyperparameters; the surrounding boxes denote
observation-specific parameters and data.
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Chapter 4

Characterising
transcription-mediated stress
adaptation in Mycobacterium
abscessus

4.1 Abstract

4.1.1 Background

Bacterial cells are exposed to highly dynamic environmental contexts. As such,
these cells modulate gene transcription in order to facilitate survival under such
conditions. Particular interest is focussed on such modulation upon exposure to
antimicrobial compounds as well as in nutrient deficient environments such as host
macrophages. Our focus in this work is to construct a snapshot of the transcriptional
landscape in Mycobacterium abscessus across a range of stress-inducing conditions
comprising exposure to azithromycin and verapamil as well as nutrient starvation
and iron depletion.
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4.1.2 Results

We elaborate on the highly analogous transcriptional profiles induced in response
to varying antibiotic exposure. In addition, we interrogate the manifestation and
response to membrane-associated stress mediated by exposure to the calcium ion
channel blocker verapamil. Finally, we demonstrate the potential for fatty acid and,
in particular, branched chain amino acid catabolism in the absence of extracellular
nutrients and identify a shift towards a rough-like morphology in response to these
environmental exposures.

4.1.3 Conclusions

This research provides insight into the M. abscessus transcriptional response to sev-
eral diverse stress-inducing environmental conditions. The insight gained from these
experiments will contribute to the efforts to understand mechanisms of persistence
in M. abscessus and mycobacteria more generally.

4.2 Background

Mycobacterium abscessus is a rapidly growing mycobacteria (RGM) belonging to the
non-tuberculous subgroup of mycobacteria. Although incapable of causing tuber-
culosis, M. abscessus can cause pulmonary disease and other infections, particularly
in immuno-compromised subjects (M. Lee et al. 2015).

M. abscessus is the primary RGM causative agent of pulmonary disease; further-
more, given its ability to endure in the presence of macrolide antibiotics, pulmonary
disease caused by M. abscessus is particularly difficult to treat (S. Lee et al. 2014)
(Han, Dé, and Jacobson 2007) (Jeon et al. 2009). M. abscessus has also been
shown to be intrinsically resistant to non-macrolide treatments. This underlies the
poor performance of both macrolide and non-macrolide treatments for M. abscessus
infection (Nash, Brown-Elliott, and Wallace Jr 2009).

In addition, members of the Mycobacteriaceae family are capable of persisting
in a range of environmental challenges such as in the host macrophage where lim-
ited access to nutrients make cellular respiration and iron homeostasis particularly
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difficult (Gupta and Chatterji 2005).

Condition-specific regulation of gene expression pertains to any means through
which a cell controls and manifests genic expression for application in a given en-
vironment. This kind of control can be achieved at the RNA level through dis-
turbance of transcriptional processivity mechanisms such as transcript initiation
and elongation or at the protein level through transcript mediated methods involv-
ing the secondary structure of RNA/RNA turnover or ribosome mediated methods
involving ribosome loading (Alifano, Bruni, and Carlomagno 1994) (J. McCarthy
and Gualerzi 1990). For the purposes of this research, we focus on transcription-
mediated methods of regulation including the mechanism of gene regulation through
which transcription initiation is promoted or inhibited via binding of transcrip-
tion factor proteins to upstream DNA binding sites; this includes the formation
of (un)accommodating antiterminating/attenuating RNA structures. Such struc-
tures assist or disturb recruitment and binding of RNA polymerase enzyme and,
hence, increase or reduce the level of transcriptional production of the associated
downstream gene(s) (Ishihama 2012).

With a view to gaining an understanding into the contribution of the M. ab-
scessus transcriptome to surviving host-like challenging environments, we sought to
determine the in vitro transcriptional response to a range of stressful environmen-
tal conditions comprising antibiotic and ion channel blocker exposure (azithromycin
and verapamil) as well as nutrient starvation and iron depletion.
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4.3 Results and Discussion

RNA-Seq Experimental Design
Condition # Replicates

Middlebrook 7H9 (Control) 2
Azithromycin MIC10 2
Azithromycin MIC50 2
Verapamil MIC10 2
Verapamil MIC50 2
2,2’-Dipyridyl 2

Starvation Control (Supplemented) 2
Starvation (TBST) 2

Table 4.1: Experimental design for differential expression analysis.

4.3.1 Increasing azithromycin concentration results in an anal-
ogous intensified transcriptional response in M. absces-
sus

With a view to determining the distinction characterising the difference in tran-
scriptional response between low and high concentrations of the macrolide antibi-
otic azithromycin, we assessed the M. abscessus transcriptional dose response for
the macrolide antibiotic at MIC10 and MIC50 (minimum inhibitory concentration
(MIC) at 10% and 50% respectively). We identified just 104 differentially regulated
genes (84 up-regulated and 20 down-regulated) at false discovery rate (FDR) < 0.01
at MIC10 compared with 815 differentially regulated genes (487 up-regulated and
328 down-regulated) at MIC50. Over 83% (87 of 104) of the genes identified as
differentially regulated at MIC10 were similarly differentially regulated at MIC50
but with considerably larger fold change (FC) (relative to control samples) (mean
difference logFC: 1.16, sd: 0.67). More directly, 420 genes were identified as up-
regulated in MIC50 relative to MIC10 with 217 genes identified as up-regulated
in MIC10 relative to MIC50. A Gamma generalised linear model generalised lin-
ear model (GLM) (McCullagh and Nelder 1989) with an identity link function of
azithromycin MIC50 RPKMs on azithromycin MIC10 RPKMs yields an intercept of
0.12 and a slope parameter of 1.49 suggesting an almost 1.5-fold average expres-
sion profile in azithromycin MIC50 relative to azithromycin MIC10; variance for this
model is estimated as (0.12+1.49×RPKMazi10)2

7.30 suggesting an analogous and intensified
transcriptional response at MIC50 relative to MIC10 (Figure 4.1).
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4.3.2 The M. abscessus transcriptional response to azithromycin
exposure is highly analogous to that of erythromycin

Most of the research carried out in relation to the transcriptional response of M. ab-
scessus to azithromycin has focussed on the correlation between antibiotic efficacy
and induction of the resistance-mediating erythromycin ribosome methyltransferase
gene MAB_2297 (erm(41)) (Choi et al. 2012). To elaborate on this, we sought
to ascertain the genome-wide M. abscessus transcriptional response elicited upon
exposure to azithromycin with respect to other gene networks.

Relative to previous transcriptional analyses carried out upon exposure to the
macrolide antibiotic erythromycin and the aminoglycoside antibiotic kanamycin
(Miranda-CasoLuengo et al. 2016), we observed 200 (of 274, 73%) genes that were
similarly differentially regulated in azithromycin MIC50 and erythromycin relative
to control conditions (178 up-regulated and 22 down-regulated); in contrast, we
observed just 20 (of 71, 28%) genes that were similarly regulated in azithromycin
MIC50 and kanamycin relative to control conditions (20 up-regulated and 0 down-
regulated).

In addition to erm(41) and its transcriptional regulator WhiB7 (MAB_3508c)
(Hurst-Hess, Rudra, and Ghosh 2017), among the most strongly up-regulated genes
common to both macrolide treatments (azithromycin MIC50 and erythromycin)
were several genes belonging to the major facilitator superfamily (MFS) of trans-
porters. The MFS have been shown to mediate biofilm formation, inter-cellular
communication and drug resistance in mycobacteria (Li et al. 2017). In particular,
among the up-regulated genes were the operon-paired Bcr/CflA family MAB_1395
and EmrB/QacA family MAB_1396 as well as MAB_2273 and MAB_0880, under-
scoring the importance of efflux mechanisms, and, in particular the MFS family, in
mediating antibiotic resistance in M. abscessus.
In addition to efflux-associated genes, we identified up-regulation of several putative
resistance enzyme genes including the acetyltransferases (Sanz-García et al. 2019)
MAB_0404c and MAB_1125c, the phosphotransferase (Ramón-García et al. 2006)
MAB_0163c, as well as the methyltransferase (Warrier et al. 2016) MAB_2845,
and the glyoxalase/bleomycin resistance gene MAB_3166.

Homologs of the aminoglycoside 2’-N-acetyltransferase (AAC(2’)) MAB_4395
have been shown to acetylate the 2’ hydroxyl or amino group of a broad spectrum
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of aminoglycosides in Mycobacterium fortuitum (Aínsa et al. 1996). Interestingly,
MAB_4395, was identified among the up-regulated genes in both macrolide treat-
ments (logFC 2.02, 1.99; FDR: 5.57e-38, 2.37e-14 for azithromycin MIC50 and
erythromycin respectively) but not under the kanamycin treatment. Although this
appears surprising, MAB_4395 has been shown to be relatively effective against
aminoglycosides with a 2’ amino group (such as Kanamycin B) but not Kanamycin
A, which differs from kanamycin B an OH group at the 2’ position, inhibiting acety-
lation (Rominski et al. 2017). This observation, however, does not explain consistent
up-regulation of MAB_4395 in response to macrolide exposure. If up-regulation of
MAB_4395 is an artefact of general up-regulation of functional and non-functional
antibiotic resistance-mediating genes, we might expect MAB_4395 to be similarly
up-regulated upon exposure to kanamycin; alternatively, as MAB_4395 is presum-
ably ineffective against macrolides, we would expect non-regulation of this gene as
per the kanamycin treatment. It has been suggested that AAC(2’) genes not cor-
related with any aminoglycoside resistance phenotype may have a role in secondary
metabolism (Aínsa et al. 1996).

Among the azithromycin-only up-regulated genes belonging to resistance-conferring
families were the putative MFS efflux genes MAB_1338 and MAB_2958, suggesting
putative resistance mechanisms induced uniquely in response to azithromycin-like
exposure.

4.3.3 Disparate transcription of several heat shock genes partly
characterises the distinction in transcriptional response
upon exposure to azithromycin relative to other antibi-
otics in M. abscessus

We observed a diffuse relationship between azithromycin MIC50 and kanamycin RP-
KMs suggestive of several sub-clusters. With a view to exploring this complex rela-
tionship further, we implemented a soft clustering approach to linear modelling using
the expectation maximisation (EM) algorithm (Figure 4.1). Using this approach, we
inferred 4 sub-clusters corresponding to distinct linear models. In particular, in one
sub-cluster representing genes more highly expressed in the kanamycin condition, we
identified several heat shock genes including the transcriptional regulator chaper-
one protein DnaJ (MAB_4271c), HspR (MAB_4270c), GrpE (MAB_4272), the 18
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kDa antigen (HSP 16.7) (MAB_3467c) and the 60 kDa chaperonin (MAB_3731c)
(blue cluster in Figure 4.1 (B)). In another sub-cluster, representing genes more
highly expressed in the azithromycin MIC50 condition, we identified several riboso-
mal protein genes including the 50S ribosomal proteins MAB_3807c, MAB_3812c
and MAB_3818c, the 30S ribosomal proteins MAB_3752c and MAB_3751c (red
cluster in Figure 4.1 (B)).

Using a similar mixture model to above, we inferred 4 sub-clusters; we identified
several heat shock response genes in a similar cluster to that mentioned above rep-
resenting genes more highly expressed in the erythromycin condition (Figure 4.1)
suggesting a role for the heat shock response in both macrolide and aminoglycoside
response in general but not specifically for the macrolide azithromycin.

4.3.4 The genome-wide M. abscessus transcriptional response
to verapamil is relatively consistent in the presence of
increasing verapamil concentration

We assessed the M. abscessus transcriptional dose response for the calcium ion
channel blocker verapamil at MIC10 and MIC50. In general, we observed fewer
instances of differential regulation than the azithromcyin treatments. We identi-
fied 221 differentially regulated genes (106 up-regulated and 115 down-regulated)
at FDR < 0.01 at MIC10 and 31 differentially regulated genes (27 up-regulated
and 4 down-regulated) at MIC50 (relative to control samples). More directly, we
observed up-regulation of 16 genes in MIC50 relative to MIC10 and 4 genes in
MIC10 relative to MIC50. Notwithstanding these differentially regulated genes, we
observed very strong correlation between verapamil MIC10 and MIC50 treatments
(a Gamma GLM with an identity link function of verapamil MIC50 RPKMs on ve-
rapamil MIC10 RPKMs yields an intercept of 0.079 and a slope parameter of 1.02
suggesting highly similar expression profiles across both conditions; variance for this
model is estimated as (0.079+1.02×RPKMver10)2

12.05 (Figure 4.1)).
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Figure 4.1: Relationship between (A) azithromycin MIC50 and azithromycin
MIC10, (B) azithromycin MIC50 and kanamycin, (C) azithromycin MIC50 and ery-
thromycin, and (D) verapamil MIC10 and verapamil MIC50; differently-coloured
points correspond to distinct clusters; fitted lines and a guide line with zero inter-
cept and unit slope is provided to illustrate perfect equality.
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4.3.5 Differentially regulated membrane-associated genes char-
acterise the M. abscessus response to verapamil expo-
sure

Several instances in the literature document the observed potentiation of anti-
mycobacterial compounds when administered in conjunction with verapamil (Caleffi-
Ferracioli et al. 2016). Although originally attributed to inhibition of cellular efflux
pump apparatus, it has been shown that verapamil directly interferes with cellular
membrane energetics; in particular, in M. tuberculosis, verapamil effects a collapse
of membrane potential (Chen et al. 2018). In consonance with this observation,
exposure to verapamil has been associated with abolishment of the proton motive
force (PMF) and, hence, reduction of intracellular ATP concentrations (Andersen,
Holland, and Jacq 2006).

In agreement with membrane energetics disruption, we observed differential reg-
ulation of several membrane potential regulating operons under the above treat-
ments. Upon exposure to verapamil, we observed up-regulation of the biscistronic
operon MAB_1446-MAB_1447 in the verapamil MIC10 treatment. This operon
codes for ATP synthase subunits. We hypothesise that this up-regulation may be in
an attempt to redress decreased intracellular ATP concentration caused by verapamil
exposure. Both the two-gene operon MAB_3716-MAB_3717 and MAB_1262 are
up-regulated upon exposure to verapamil MIC50. Homologs of MAB_3716 and
MAB_1262 code for stress-responsive transcriptional regulator page shock protein
(PSP). Psps are typically up-regulated under conditions of membrane stress; in
particular, Psps have been shown to assist in maintaining membrane potential by
precluding proton leakage of membrane vesicles in Escherichia coli (Joly et al. 2010).

We observed the down-regulation of potassium (K+) uptake genes. The MAB_2994-
MAB_2995 operon, which comprises Trk system potassium uptake proteins CeoB
and CeoC, is down-regulated upon exposure to verapamil MIC10 (FDR: 0.021, 0.017
for MAB_2994 and MAB_2995 respectively). Given that potassium concentration
both affects and is affected by the cellular membrane potential (Vassalle 1987), we
hypothesise that K+ uptake inhibition may be induced as a transcriptional response
to the disrupted electrochemical gradient. In fact, K+ uptake inhibition has been
observed in mycobacterial cells exposed to the mycobacterial membrane disrupting
antibiotic clofazamine (Steel, Matlola, and Anderson 1999).



138 CHAPTER 4. STRESS ADAPTATION IN M. ABSCESSUS

Interestingly, we observed strong up-regulation of ethanolamine metabolism
genes in M. abscessus upon exposure to both verapamil treatments. In particu-
lar, the MAB_2792c-MAB_2791c-MAB_2790c-MAB_2789c (MAB_2789c yields
an FDR of 0.03 and 0.17 in verapamil MIC50 and MIC10 respectively) operon
comprises an aldehyde dehydrogenase, a putative ethanolamine permease and both
heavy and small ethanolamine ammonia-lyase subunits respectively. Ethanolamine
metabolism facilitates the conversion of ethanolamine to acetaldehyde and ammo-
nia by ethanolamine ammonia lyase. From here, the acetaldehyde can be converted
to acetyl-CoA used in energy production and the ammonia can act as a source for
reduced nitrogen (Garsin 2010). Ethanolamine can be derived from the membrane
phospholipid phosphatidylethanolamine (Kaval and Garsin 2018). The up-regulation
of this operon upon exposure to verapamil is perhaps, once again, owing to mem-
brane disruption resulting in membrane catabolism. This effect may be precipitated
by the transcriptional response to the altered pH gradient; in particular, the ammo-
nia may act as an acceptor for the increased reservoir of intracellular hydrogen ions
to form ammonium, in effect, reestablishing membrane potential dynamics through
pH control mechanisms.

4.3.6 Iron uptake genes are activated in M. abscessus upon
exposure to verapamil

Iron is an essential element for growth in mycobacteria. Many cellular processes
such as electron transport, amino acid and pyrimidine biogenesis, and the tricar-
boxylic acid cycle (TCA) rely on iron-sulfur (Fe-S) clusters to function (Ratledge
2004). Fuelled by this necessity, mycobacterial species, such as M. abscessus, have
evolved elaborate means to acquire iron in particularly inhospitable environments
such as human host granulomas and macrophages (Sritharan 2016).

One such evolved mechanism in mycobacteria is dependent on the MmpS4-
MmpL4 operon that is responsible for biosynthesising and secreting compounds
(siderophores) that chelate iron from the extracellular environment (Sritharan 2016).
The M. abscessus genome encodes two annotated MmpS4-MmpL4-like operon
structures.
Upon exposure to verapamil MIC50, we observed the up-regulation of the bicistronic
operon MAB_1135c-MAB_1134c as well as MAB_2300-MAB_2301. MAB_1135c
and MAB_2300 code for homologs of the siderophore export accessory protein
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MmpS4 whilst MAB_1135c and MAB_2301 code for the siderophore exporter
MmpL4.

Interestingly, verapamil has been shown to mitigate the effects of iron-overload in
eukaryotic cells (Abd Allah, Ahmed, and Abdel Mola 2014). Further, iron has been
shown to enter eukaryotic cells through voltage gated calcium channels (Gaasch
et al. 2007). Similar studies demonstrate a correlation between iron uptake and
calcium stores implying attenuation of iron stores by verapamil (Cekic and Bardak
1998). It may be that the up-regulation in iron uptake apparatus is in an effort to
mitigate the effects of attenuation caused by verapamil. This up-regulation may also
be explained, however, by an observed corresponding up-regulation in iron-sulphur
cluster-forming genes for use in Fe-S dependent electron-transferring genes such
as ferredoxin reductase, and cytochrome P450 as well as the alkane degradation
pathway genes rubedoxin (RubB) and alkane-1-monooxygenase (AlkB).

4.3.7 Iron-limiting environments induce strong up-regulation
of iron-acquisition operons and arsR family transcrip-
tional regulators as well as down-regulation of cell divi-
sion and replication operons in M. abscessus

Both genes encoding the MAB_2300-MAB_2301 (MmpS4 and MmpL4 respec-
tively) and MAB_1134c (MmpL4-like) were observed as up-regulated in the pres-
ence of iron-chelating 2,2-dipyridyl; however, MAB_1135c (MmpS4-like) was down-
regulated (albeit not significantly) under this same condition.

In addition to the the MmpS4 homologs and the strongly up-regulated puta-
tive siderophore-interacting protein MAB_2235, we observed up-regulation of the
MAB_2265c-MAB_2264c-MAB_2263c-MAB_2262c-MAB_2261c operon in the iron-
depleted environment. MAB_2262c-MAB_2261c encodes the iron import ATP-
binding/permease protein pair IrtAB (Sritharan 2016). MAB_2265c-MAB_2264c-
MAB_2263c code for an L-ectoine synthase, a probable hydroxylase/dioxygenase
and a general substrate transporter from the major facilitator family, suggesting a
potential specialised role for the operon genes in iron-poor environments.

We identified 17 putative ArsR family genes in M. abscessus. ArsR genes are
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in the M. abscessus genome; only genes passing the minimum expression criterion
are shown.
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Table 4.2: Expression of putative ArsR-like family genes under iron-limiting and star-
vation conditions; only genes passing the minimum expression criterion are shown.

Dipyridyl Starvation
LocusTag logFC FDR logFC FDR
MAB_4862 7.35 2.29e-190 1.67 2.15e-16
MAB_4861c 8.84 1.74e-232 0.42 1.01e-01
MAB_4854c 6.95 6.93e-82 3.21 1.89e-25
MAB_4844c 1.4 9.48e-13 0.38 5.48e-02
MAB_4841 5.1 3.00e-122 1.81 5.11e-19
MAB_4426 2.56 1.47e-29 4.43 9.52e-75
MAB_4139 1.97 3.82e-19 3.25 7.89e-58
MAB_3862 -0.18 5.98e-01 0.45 1.11e-01
MAB_3375 -0.27 5.20e-01 1.49 4.19e-05
MAB_2604c 5.57 6.00e-168 0.62 8.30e-04
MAB_2602c 2.59 2.75e-08 4.22 7.27e-18
MAB_2565c 7.79 2.67e-207 -0.06 8.13e-01
MAB_2562c 0.58 2.35e-02 1.01 1.89e-05
MAB_2386 -0.75 1.99e-04 0.66 7.85e-05
MAB_1679c 0.17 4.68e-01 0.96 7.67e-06
MAB_0986 0.27 3.36e-01 -1.02 3.04e-05

involved in metal-sensing in prokaryotic genomes and are strongly associated with
arsenical resistance in bacteria (Antonucci et al. 2017). ArsR genes have been
shown to mediate metal homeostasis and alter metabolism to reduce cellular demand
for metals in scarce environments (Osman, JS Cavet 2010). Of the 17 identified
putative ArsR genes, 10 were identified as significantly up-regulated in iron-depleted
conditions (hypergeometric p-value: 0.0034) suggesting a possible means through
which M. abscessus achieves metabolomic adaptation in iron-poor environments
(Figure 4.2, Table 4.2). Interestingly, we also observed a strong regulatory signal
under conditions of nutrient starvation for arsR genes with 11 of the 17 genes
identified as significantly up-regulated under these conditions (hypergeometric p-
value: 0.0019) (Figure 4.2); this signal was absent from the other tested conditions.

In consonance with the growth difficulties presented by low iron supply (Pandey
et al. 2018; Ratledge 2004), we also observed the operon-wide down-regulation of
the cell-division-associated operons including MAB_2005-MAB_2006-MAB_2007-
MAB_2008 and replication operons including MAB_0002-MAB_0003-MAB_0004-
MAB_0005 (FDR of 0.13 for MAB_0002) suggesting that cell growth processes
were stalled in response to the environmental stress precipitated by iron depletion.
Supplementing this signal, we observed up-regulation of both chromosome and plas-
mid replication initiation inhibitor proteins MAB_4381c and MAB_2100.



142 CHAPTER 4. STRESS ADAPTATION IN M. ABSCESSUS

4.3.8 Differential regulation of fatty acid catabolism pathways
portrays complex regulatory strategies preferred by M.
abscessus in nutrient-lacking environments

Notably, we observed a complex regulatory picture of putative β-oxidation pathway
genes in nutrient starved M. abscessus cells. Nutrient limitations place extreme
stress on the mycobacterial cell compromising its ability to survive. In order to
combat this threat, several cellular responses may be invoked (Gupta and Chatterji
2005). In the absence of external energy sources, the β-oxidation pathway provides
a means of catabolising the cell’s own fatty acids to fuel cellular processes thereby
facilitating cellular respiration. The mycobacterial β-oxidation pathway comprises
steps of (i) esterification of fatty acids into metabolically active fatty acyl-CoA by
FadD, (ii) dehydrogenation of acyl-CoA to 2-enoyl-CoA by FadE, (iii) hydration of
the 2-enoyl-CoA to 3-hydroxyacyl-CoA thioesters by EchA (iv) dehydrogenation of
3-hydroxyacyl-CoA to 3-ketoacyl-CoA by FadB, and, finally, (v) release of acetyl-
CoA by FadA ensuring that a CoA ester of fatty acid two carbons shorter is formed
(Figure 4.3) (Williams et al. 2011).

We were able to identify over 116 genes in the M. abscessus genome that were
annotated as belonging to one of the above β-oxidation gene families; of these
genes, 27 were identified as belonging to the EchA/enoyl-CoA hydratase family
and 9, 6, 32 and 42 were assigned to the FadA/3-ketoacyl-CoA thiolase, FadB/3-
hydroxyacyl-CoA dehydrogenase, FadD/fatty-acid–CoA ligase and FadE/acyl-CoA
dehydrogenase families respectively. The large number of FadE genes encoded in
the M. abscessus genome may owing to dehydrogenation of acyl-CoA to 2-enoyl-
CoA as the rate-limiting step of one cycle of oxidation of acyl-CoA (O’Brien and
Frerman 1977). In contrast, the low count of FadB-like genes may be owing to its
inessentiality in mycobacteria (Williams et al. 2011).
We identified significant up-regulation of 26 of these genes in starved M. abscessus
cells. Interestingly, a further 45 of these genes were significantly down-regulated
relative to the control conditions. With a view to determining which pathway sub-
networks appear most important in nutrient-poor environments, we clustered the
transcriptional expression of each putatively identified β-oxidation pathway gene
across 32 M. abscessus RNA-seq libraries (Figure 4.4).
We identified several operons comprising β-oxidation pathway genes and, although
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Figure 4.3: Mycobacterial β-oxidation pathway schema comprising steps of (i) ester-
ification of fatty acids into metabolically active fatty acyl-CoA by FadD, (ii) dehydro-
genation of acyl-CoA to 2-enoyl-CoA by FadE, (iii) hydration of the 2-enoyl-CoA to
3-hydroxyacyl-CoA thioesters by EchA (iv) dehydrogenation of 3-hydroxyacyl-CoA
to 3-ketoacyl-CoA by FadB, and, finally, (v) release of acetyl-CoA by FadA ensuring
that a CoA ester of fatty acid two carbons shorter is formed; this CoA ester is acted
upon by FadD beginning the cycle once again. The acetyl-CoA released by FadA in
each cycle can be used by the tricarboxylic acid cycle or the glyoxylate shunt during
energy production.
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some of these genes clustered into operon organisations like the bicistronic operon
comprising the FadE genes MAB_4158 and MAB_4159, most of the uncovered
subnetworks up-regulated upon exposure to nutrient-poor environments comprised
genes from non-proximal genomic loci such as the FadB-FadE-EchA subnetwork
comprising MAB_0759c, MAB_1851 and MAB_4750 respectively. These results
are suggestive of a complex means of regulation of the β-oxidation pathway that is
not correlated with genomic proximity.

Interestingly, we also identified up-regulation of the MAB_4540c-MAB_4539c-
MAB_4538c operon organisation in starved M. abscessus cells. MAB_4539c and
MAB_4540c code for putative acyl-CoA carboxylase alpha subunits AccA and
AccD respectively. This operon was significantly up-regulated under both nutrient-
depletion conditions; this is surprising as acyl-CoA carboxylase facilitates fatty acid
biosynthesis and is often induced in nutrient-rich environments (M. Reddy et al.
2014). Furthermore, it has been observed that acyl-CoA carboxylases regulate fatty
acid metabolism thereby inhibiting βoxidation in eukaryotes (Saddik et al. 1993).
MAB_4538c also codes for a probable acyl-CoA dehydrogenase.

Under nutrient starvation condtiions, we noticed a stark up-regulation of MAB_0276
(logFC: 5.88, FDR: 1.76e-114) which codes for an unannotated probable cytochrome
P450 enzyme. We did not observe this degree of up-regulation in any of the other
conditions (in fact, excluding starvation, MAB_0276 is only up-regulated under
iron-depletion (logFC: 1.51, FDR: 8.83e-12)). MAB_0276 is predicted to form a
two-gene operon structure with MAB_0275. Such strong up-regulation suggests an
important role for MAB_0276 in the transcriptional response to starvation-induced
stress. Cytochrome P450 enzymes have been shown to catalyse hydroxylation of
fatty acids and related structures. Cytochrome P450 hydroxylation plays an im-
portant role in alternative fatty acid catabolism pathways such as omega oxidation
(Sanders et al. 2006); furthermore, cytochrome P450 has been observed to hydrox-
ylate fatty acids in mycobacteria (Johnston et al. 2009). Interestingly, although
MAB_0276 has no obvious homologs, a BLAST search against the M. tuberculosis
genome quantified a 34.06% identity across 87% query cover with Rv2266/CYP124
(E-value: 9e-46). CYP124 is a methyl-branched lipid omega-hydroxylase. It has
been suggested that CYP124 could conceivably function in oxidative degradation
or balancing of M. tuberculosis lipid and carbon pools (Johnston et al. 2009).
Cytochrome P450 genes have been implicated in alkane degradation whereby aero-
bic alkane assimilation is initiated by terminal hydroxylation. Subsequent reactions
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Figure 4.4: (A) Dendrogram characterising the coexpression profiles of all identified
β-oxidation pathway genes in the M. abscessus genome; genes are colour-coded;
genes significantly up-regulated under starvation conditions are rendered larger and
in boldface; expression profiles for MAB_1174c, MAB_1422c and MAB_3455c (B)
and (C) MAB_4158 and MAB_4159 across RNA-seq libraries; only genes passing
the minimum expression criterion are shown.
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ensure that the corresponding primary alcohol is converted via an aldehyde to a
fatty acid; from here β-oxidation can take place (Van Bogaert et al. 2011). In
starved M. abscessus cells, we observed significant up-regulation of MAB_1060,
MAB_2219 and MAB_3598c comprising 2 alkanesulfonate monooxygenases and
alkane-1-monooxygenase AlkB respectively.
Given the down-regulation of so many β-oxidation pathway genes, it may be the
case that M. abscessus can make use of alternate oxidation pathways in nutrient-
limited environments.

4.3.9 The M. abscessus transcriptional response to nutrient
starvation is characterised by a shift towards amino acid
catabolism and nitrogen metabolism

Given the mixed transcriptional profile of β-oxidation pathway genes, we sought to
determine additional means through which the M. abscessus cell endures in the ab-
sence of nutrients. To this end, we observed the up-regulation of several amino acid
degradation pathways. In particular, among the topmost up-regulated genes under
nutrient starvation conditions, we identified up-regulation of a branched-chain α-
ketoacid dehydrogenase (BCKADH) complex operon. MAB_4918c-MAB_4917c-
MAB_4916c-MAB_4915c comprises a putative dihydrolipoamide acyltransferase
component and alpha and beta pyruvate dehydrogenase E1 component subunits
that catalyse the conversion of branched-chain alpha-ketoacids to acyl-CoA and
CO2. The up-regulation of this feature was also a feature of the 2,2-dipyridyl
iron-depletion response. Up-regulation of this complex has been observed under
starvation-like conditions in other species (Shimomura et al. 2001). In addition, the
purine metabolism guanosine pentaphosphate/guanine tetraphosphate ((p)ppGpp)
alarmone enzyme RelA (MAB_2876c) was up-regulated under nutrient starvation.
RelA mediates the stringent response by catalysing the formation and hydrolysation
of (p)ppGpp. Recent studies suggest that the an ACT domain at the carboxyl re-
gion of the RelA enzyme is bound by branched chain amino acids thereby influencing
the RelA alarmone synthetase/hydrolase activity and, thus, the stringent response
(Fang and Bauer 2018).

In furtherance of this signal, L-alinine (MAB_3100) and proline (MAB_1331)
dehydrogenases were also amongst the topmost up-regulated genes under nutrient
limitation conditions. MAB_3100 was also identified as up-regulated under the iron-
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limited environment. MAB_3100 can play a particularly important role in energy
generation by facilitating oxidative deamination of L-alanine to pyruvate for use in
the TCA. This pathway increases in importance in the absence of extracellular car-
bohydrate sources. Interestingly, MAB_4090, a putative amino-acid permease, was
strongly up-regulated (logFC: 9.78, FDR: 4.03e-301) under nutrient-limited condi-
tions, suggestive of an attempt to acquire amino acids from extracellular sources.
This may be representative of a scavenging adaption to nutrient-lacking intra-host
environments (Kaiser and Heinrichs 2018).

In addition to the up-regulation of amino acid catabolism, we also identified the
up-regulation of purine catabolism via a 2-oxo-4-hydroxy-4-carboxy-5-ureidoimidazoline
(OHCU) decarboxylase (MAB_0516c) under both nutrient starvation and iron-
limiting conditions (logFC: 7.73, 1.46; FDR: 0, 7.57e-13 for nutrient starvation
and iron-limiting conditions respectively) potentially providing a source of carbon,
nitrogen and energy. The role of OHCU decarboxylase in urate metabolism suggests
that this, again, may be an adaptation to the host environment triggered by the
lack of nutrients (Lin et al. 2012). Furthering this hypothesis, we identified the
up-regulation of the MAB_4090-MAB_4091 allophanate hydrolase operon (logFC:
9.78, 10.71; FDR: 4.03e-301, 0 for MAB_4090 and MAB_4091 respectively) that
is involved in the degradation of urea to ammonia and CO2 under starvation con-
ditions.
The up-regulation of MAB_0516c and the MAB_4090-MAB_4091 operon was rep-
resentative of a genome-wide change in nitrogen metabolism. The nitrite reductase
operon MAB_3522c-MAB_3521c-MAB_3520c-MAB_3519c that catalyses the re-
duction of nitrite to ammonia was also up-regulated under both nutrient starva-
tion and iron limitation. The ammonium transporter MAB_3240c was similarly
up-regulated under nutrient starvation but was down-regulated under in the iron
limited environment.
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Table 4.3: Expression of GPL locus genes under iron-limiting and starvation condi-
tions.

Dipyridyl Starvation
LocusTag logFC FDR logFC FDR

MAB_4117c -1.42 8.89e-17 -0.64 1.14e-04
MAB_4116c -1.25 1.48e-15 -2.05 3.03e-38
MAB_4115c -1.64 1.40e-22 -3.03 1.32e-66
MAB_4114 0.06 8.08e-01 1.96 1.13e-17
MAB_4113 -1.18 7.76e-06 0.41 1.22e-01
MAB_4112c 0.26 2.50e-01 0.72 5.79e-04
MAB_4111c -1.37 4.81e-11 -0.09 6.79e-01
MAB_4110c -2.01 3.01e-20 -0.3 1.70e-01
MAB_4109c -0.18 3.45e-01 0.46 1.07e-02
MAB_4108c -2.21 4.91e-13 -1.11 2.19e-04
MAB_4107c -2.16 2.22e-16 -1.48 9.73e-09
MAB_4106c -2.36 1.93e-32 -1.29 4.25e-11
MAB_4105c -2.22 1.35e-43 -0.66 2.60e-05
MAB_4104 -1.59 4.67e-15 0.87 1.37e-05
MAB_4103c -2.01 7.03e-26 1.62 5.81e-18
MAB_4100c -2.68 1.64e-34 -0.21 3.48e-01
MAB_4099c -2.52 2.78e-47 -1.58 1.22e-20
MAB_4098c -2.08 1.99e-40 -1.17 1.88e-14
MAB_4097c -0.67 2.94e-03 0.16 4.94e-01

4.3.10 Exposure to nutrient-depleted environments precipitates
an operon expression shift towards a rough-like mor-
phology associated with increased virulence in M. ab-
scessus

M. abscessus colonies are typically characterised as belonging to one of two mor-
phologies: a smooth morphology that is associated with strong expression of gly-
copeptidolipid (GPL) on the cell wall and a rough morphology associated with lower
expression of GPL (Gutiérrez et al. 2018).
Whilst smooth morphology M. abscessus colonies are associated with increased
motility and biofilm formation, the more invasive rough morphology colonies have
been shown to exhibit higher virulence and are more refractory to antimicrobial
treatments (Gutiérrez et al. 2018).

We observed differential regulation of several operons comprising genes con-
stituting the contiguous GPL genomic locus in M. abscessus upon exposure to
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2,2’-dipyridyl and nutrient starvation conditions (Figure 4.5). In particular, we ob-
served the down-regulation of the MAB_4100c-MAB_4099c-MAB_4098c operon
(MAB_4100c was not significantly down-regulated in the starvation environment);
furthermore, MAB_4097c was identified as down-regulated under iron-depletion
conditions. MAB_4100c, MAB_4099c and MAB_4098c code for MbtH, Mps1 and
Mps2 respectively whilst MAB_4097c codes for a homolog of the M. smegmatis
protein Gap. The tripeptide-aminoalcohol moiety of GPL is assembled by mps1 and
mps2 whilst gap codes for an integral membrane GPL transporter; transcriptional
extinction of these three genes has been associated with with a shift to the rough
morphology (Gutiérrez et al. 2018). Similarly, abrogation of GPL by down-regulation
of mmpL4a and mmpS4 has also been associated with the rough morphology; once
again, we observed down-regulation of the MAB_4117c-MAB_4116c-MAB_4115c
operon under both nutrient-lacking conditions; MAB_4117c, MAB_4116c and
MAB_4115c code for MmpS4, MmpL4a and MmpL4b genes respectively. In addi-
tion, we identified similar down-regulation of glycosylation, methylation, acetylation
and transport genes comprising the contiguous GPL locus; 16 of 19 GPL locus genes
were significantly down-regulated upon exposure to iron-depletion whilst 9 of these
genes were significantly down-regulated upon exposure to nutrient starvation (hyper-
geometric p-values of 5.86e-08 and 0.059 for iron-limitation and nutrient starvation
respectively) (Figure 4.5, Table 4.3).

We were also able to identify systematic down-regulation of the MAB_1010c-
MAB_1009c-MAB_1008c-MAB_1007c-MAB_1006c-MAB_1005c and MAB_4154c-
MAB_4153c-MAB_4152c-MAB_4151c-MAB_4150c-MAB_4149c-MAB_4148c-MAB_4147c-
MAB_4146c operons under both nutrient-depleted conditions. Both of these oper-
ons are comprised of mammalian cell entry (MCE) genes. MCE mutant strains have
been associated with "hairier" colonies exhibiting a rough-like morphology (Klepp
et al. 2012).

In keeping with a shift towards increased virulence, we observed up-regulation
of MAB_0666 under iron-limited conditions. MAB_0666 encodes a homolog of
the immune-response modifying ESAT-6-like proteins secreted in M. tuberculosis.
We hypothesise that up-regulation of these kinds of features may be triggered by
low-iron availability that characterises human macrophage/granuloma environments
(Sreejit et al. 2014).

Notwithstanding the systematic down-regulation of genes comprising the GPL
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Figure 4.5: Nucleotide-wise transcriptional expression of the contiguous GPL locus
in M. abscessus under both starvation and iron-depleted experimental conditions;
genomic organisation as well as regulation status are also displayed.
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locus in M. abscessus under conditions of nutrient depletion, we did observe positive
expression of these genes. It has been suggested that the literature only reports the
effects of near total loss of GPL in M. abscessus that facilitates the rough-like mor-
phology, characterising a simplified representation of the functions of these lipids
in M. abscessus (Gutiérrez et al. 2018). Our findings suggest that GPL expression
composition is modulated in response to changing environments.

In addition to genes comprising the GPL locus in M. abscessus, under both
nutrient-depleted conditions, we observed the down-regulation of several other cell
envelope-associated genes including a membrane-bound lytic murein transglycosy-
lase (MAB_1367c) that catalyses cleavage of glycosidic bonds between N-acetylmuramic
acid and N-acetylglucosamine residues in peptidoglycan, a putative β-glucanase
(MAB_1840c) that hydrolyses β-D-glucose polysaccharides found in the cell walls
of bacteria, a transferase enzyme (MAB_2978) that influences the polymerisation
of mycobacterial cell wall arabinogalactan and a glycosyltransferase (MAB_2182c)
that is involved in the biosynthesis of lipooligosaccharides which help to form the
mycobacterial cell envelope suggesting a widespread down-regulation in the tran-
scriptional response of cell envelope mechanisms under nutrient depleted conditions.

Low-but-not-extinguished transcriptional expression of the GPL locus permits
the possibility that, in the absence of iron and other nutrients, the M. absces-
sus cell is moving to a more efficient low-energy-usage state (Leistikow et al. 2010).
Both the TCA succinyl-CoA synthetase subunit operon MAB_1056-MAB_1057 and
the electron transfer chain succinate dehydrogenase subunit operon MAB_3675-
MAB_3676 were strongly down-regulated under both nutrient and iron depletion
environments.
In furtherance of this hypothesis, we identified significant down-regulation of the
MAB_1446-MAB_1447 and MAB_1448-MAB_1449-MAB_1450-MAB_1451-MAB_1452-
MAB_1453-MAB_1454 F0F1 ATP synthase subunit operons under both nutrient
starvation and iron limitation. In contrast, we did, however, observe the significant
up-regulation of the entire 14-gene NADH-quinone oxidoreductase operon structure
initiating at MAB_2134 under nutrient starvation conditions; we observed signifi-
cant down-regulation of this same structure under 2,2-dipyridyl conditions, but this
is most likely owing to the structure’s dependence of iron-sulphur centers.
In consonance with a low energy usage hypothesis, nutrient starvation induced
up-regulation of the DosR regulator MAB_3891 (Leistikow et al. 2010). DosS
(MAB_3890) was down-regulated (albeit not significantly) under the same condi-
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tion; furthermore, neither DosR nor DosS were significantly regulated under 2,2-
dipyridyl samples.

4.3.11 Genome-wide up-regulation of luciferase-like monooxy-
genases may contribute to alleviation of oxidative stress
in the iron-limited and nutrient-lacking environments

Nutrient starvation and iron deficiency have been shown to mediate nitrosative stress
resulting in the elicitation of apposite response mechanisms in bacteria (Pandey et
al. 2018). Accordingly, we identified several up-regulated oxidative stress response
genes in nutrient depletion conditions including superoxide dismutase (MAB_3957
and MAB_0118c (2,2-dipyridyl only), MAB_2984c (starvation only)), glutathione
peroxidase (MAB_0693) and catalase (MAB_0351, MAB_1842c and MAB_2530c
(starvation only)) genes in both starvation and 2,2 dipyridyl conditions suggesting
a response to increased prevalence of reactive oxygen/nitrogen species under these
scenarios.

In the presence of 2,2’-dipyridyl, we identified MAB_1339 (logFC: 6.02, FDR:
1.39e-169) among the topmost regulated genes under iron depleted conditions.
MAB_1339 codes for a F420-dependent luciferase-like monooxygenase. Unlike
methanogens, F420 is not essential for viability in mycobacteria under favourable
conditions; as such F420 has been mostly associated with secondary metabolism
in mycobacteria. Studies on F420 suggest a role for F420-dependent glucose-6-
phosphate dehydrogenases in mobilisation of stored electrons to alleviate oxidative
stress and the use of F420H2-dependent menaquinone reductase in a remodelled
respiratory chain in the presence of oxidative stress (Greening et al. 2016). Notwith-
standing F420’s importance under hypoxic, antibiotic and oxidative stress, interest-
ingly, we did not observe similar transcriptional profiles for MAB_1339 for any of
the antibiotic, drug or starvation conditions considered in this work; this suggests a
different means of metabolic response in the presence of iron depletion.
We did, however, identify up-regulation of several luciferase-like genes under nutrient
starvation conditions including MAB_3401; MAB_3401 codes for an FMN-binding
monooxygenase that bears similarity to both a coenzyme F420-dependent N5,N10-
methylene tetrahydromethanopterin reductase in the related Corynebacterium and
a DszA family-like xenobiotic compound stress repsonse monooxygenase in other
mycobacteria. In general, we observed an overrepresentation of luciferase-like genes
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Table 4.4: Expression of putative luciferase-like family genes under iron-limiting
and starvation conditions; only genes passing the minimum expression criterion are
shown.

Dipyridyl Starvation
LocusTag logFC FDR logFC FDR

MAB_4908c 5.32 4.08e-119 0.22 3.68e-01
MAB_4628c 1.12 1.31e-08 2.01 6.67e-27
MAB_4496c 2.65 1.52e-19 2.14 7.41e-14
MAB_4277 1.4 9.26e-17 0.62 1.98e-04
MAB_4233c 4.45 2.11e-95 4.35 1.37e-102
MAB_4166c 1.69 3.64e-19 1.54 3.97e-17
MAB_3792 2.34 5.96e-42 2 6.48e-33
MAB_3778 2.93 1.36e-87 0.27 6.52e-02
MAB_3748 0.55 1.99e-03 -1.24 6.46e-13
MAB_3639 5.22 3.31e-131 0.9 3.65e-06
MAB_3271 0 9.98e-01 0.15 4.44e-01
MAB_3245 -0.03 9.21e-01 3.42 1.29e-43
MAB_3232c 2.5 1.79e-26 0.3 2.12e-01
MAB_3016c 6.03 1.44e-124 0.63 3.09e-03
MAB_2816c -1.72 5.69e-22 2.67 1.30e-59
MAB_2449 0.68 1.01e-02 2.13 5.32e-16
MAB_2431c 1.97 3.73e-21 2.18 9.93e-26
MAB_2114c 1.88 6.51e-34 2.99 1.58e-83
MAB_2053 -0.5 3.16e-01 -0.39 4.25e-01
MAB_1339 6.02 1.39e-169 -0.29 2.09e-01
MAB_0995 0.32 7.81e-02 1.08 1.10e-12
MAB_0968c 2 1.51e-13 1.78 1.28e-11
MAB_0947c -1.63 7.47e-15 3.34 2.06e-51
MAB_0858 0.16 3.02e-01 0.6 2.43e-05
MAB_0527c 0.4 5.30e-02 1.4 2.29e-12
MAB_0366 -1.49 3.57e-12 -1.61 6.23e-16

among significantly up-regulated genes under the 2,2-dipyridyl condition (16 of 28
genes; hypergeometric p-value: 0.00077) (Figure 4.6, Table 4.4). Under nutrient
starvation, we observed a similar overrepresentation of luciferase-like monooxyge-
nases (18 of 28 genes; hypergeometric p-value: 0.00020) (Figure 4.6). In total, 11 of
the 28 luciferase-like M. abscessus genes annotated in the UniProt annotation were
up-regulated in both depletion environments; with a further 5 and 7 luciferase-like
genes uniquely up-regulated in the iron-depleted and starvation conditions respec-
tively. We did not observe a similar signal in the other tested conditions.

Regarding nitrosative stress, we observed the up-regulation of MAB_4131 in the
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starvation environment. MAB_4131 codes for a deazaflavin-dependent oxidoreduc-
tase which catalyzes the reduction of nitroimidazoles such as PA-824, resulting in
intracellular release of lethal reactive nitrogen species in addition to up-regulation
of the thioredoxin gene MAB_0742c.

We also observed an up-regulation of a putative methylated-DNA-cysteine S-
methyltransferase DNA binding protein MAB_3377. Methylated-DNA-cysteine S-
methyltransferases are enzymes that repair methylated nucleobases in DNA through
transfer of a methyl group to a cysteine residue in the enzyme.

Similarly, MAB_1038, a formamidopyrimidine DNA glycosylase, which recog-
nises and removes oxidised purines from damaged DNA was also up-regulated in
both of the nutrient lacking environments.

4.4 Conclusions

In this work, we have sought to elaborate on the transcriptional profiles induced
in response to a range of stress-inducing environmental conditions. The quanti-
fied condition-specific transcriptional responses presented in this work provide a
framework for exploring diversity in and adaptation to changing environments in
mycobacteria more generally.

4.5 Methods

4.5.1 Bacterial culture conditions

For each set of experiments triplicate M. abscessus ATCC19977 cultures were grown
in Middlebrook 7H9 medium (supplemented with 10% albumin-dextrose-catalase so-
lution, 0.5% glycerol and 0.05% Tween-80) with continuous shaking at 37C.
Transcriptional dose response of bacteria to azithromycin and verapamil was as-
sessed by 1 h treatment with MIC10 and 50 for both compounds, using MIC of 2
μg/ml for azithromycin ((Choi et al. 2012)) and MIC of 125 μg/ml for verapamil
((Caleffi-Ferracioli et al. 2016)). Bacterial response to iron limitation was tested by
addition of 100 μM 2,2’-dipyridyl to the culture medium followed by 1 h incubation
((P. Reddy et al. 2012)). To induce short-term starvation bacterial cultures were
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harvested at OD600 = 1.0, washed 3 times with TBST (50 mM Tris-HCl [pH 7],
150 mM NaCl, 0.05% Tween 80) and resuspended in either Middlebrook 7H9 with
supplements (control) or TBST (starvation test) ((Jamet et al. 2015)). All samples
were collected after 1 h incubation.

4.5.2 RNA isolation and RNA-seq

RNA was isolated as previously described ((Miranda-CasoLuengo et al. 2016)).
Briefly, bacterial pellets obtained by centrifugation of liquid cultures (10 min spin at
4000 x g and 4C) were suspended in Trizol (Sigma Aldrich) and physically disrupted
with 0.1 mm zirconia-silica beads using MagNA Lyzer (2 pulses, 30 s each) (Roche
Diagnostics Ltd.). Nucleic acids were precipitated using chlorophorm/isopropanol
method and DNA was removed by 30 min digestion with Turbo DNase (Ambion).
RNA was purified using miRNeasy spin columns with an additional on-column DNase
treatment, according to manufacturer’s instructions (Qiagen). RNA quantity was
assessed using NanoDrop 1000 spectrophotometer (Thermo Scientific) and its qual-
ity was verified using RNA Nano Chip on a Bioanalyzer 2100 instrument. Total
RNA was subjected to RiboZero (Epicentre) treatment to remove ribosomal RNA
fraction. Sequencing libraries were generated with the TruSeq Stranded RNA kit
according to manufacturer’s instructions (Illumina Inc.). High Sensitivity DNA chip
on Bioanalyzer 2100 (Agilent) was used to determine library quality, while the con-
centration was determined using Qubit dsDNA HS assay (Thermo Fisher). The
cDNA libraries were sequenced on the NextSeq 500 sequencer (Illumina Inc.) in a
high output mode with 75 cycles.

4.5.3 Differential expression analysis

Differential expression analysis was performed using the edgeR R/Bioconductor
package (Robinson, D. McCarthy, and Smyth 2010). Generalised linear models
were built using tag-wise dispersion. Across all conditions, up-regulated and down-
regulated genes are defined as genes yielding a corresponding FDR < 0.01 unless
explicitly stated otherwise. Furthermore, any genes not expressing at a rate of at
least 10 counts per million in at least one sample were excluded from analysis.
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4.5.4 Linear model fitting

With a view to exploring expression trends in the azithromycin MIC50 RPKM versus
kanamycin and azithromycin MIC50 RPKM versus erythromycin data, we proba-
bilistically assigned the data to multiple clusters. Each cluster is characterised by a
set of cluster-specific parameters from a linear sub-model as well as a prior cluster
membership probability.

In particular, for this model, given N observations and M clusters, where
RPKMyi

is the RPKM for the ith gene under azithromycin MIC50, RPKMxi
is

the RPKM for the ith gene under kanamycin/erythromycin, τj is the prior proba-
bility of an observation belonging to cluster j, αj and βj are intercept and slope
parameters for the linear model comprising the jth cluster, σ is the standard devia-
tion parameter and N (x;µ, σ) represents the probability density of x with respect to
a Gaussian distribution with mean µ and standard deviation σ, we seek to find pa-
rameter values for τj , αj , βj for j ∈ 1, . . . ,M and σ that maximise the conditional
expectation of the log likelihood given by

N∑
i=1

M∑
j=1

Pi,j × log
(
τj ×N

(
RPKMyi ;

(
αj + βjRPKMxi

)
, σ
))

where Pi,j =
τj×N

(
RPKMyi

;
(
αj+βjRPKMxi

)
,σ

)
∑M

j=1
τj×N

(
RPKMyi

;
(
αj+βjRPKMxi

)
,σ

)
We use a common standard deviation parameter for each cluster such that the

data space is partitioned into similarly sized areas. This model is fit using the EM
algorithm (Dempster, Laird, and Rubin 1977).

Owing to the simpler nature of the azithromycin MIC50 versus azithromycin
MIC10 and verapamil MIC10 and verapamil MIC50 data, we fitted a single cluster
generalised linear model (McCullagh and Nelder 1989). In both of these instances,
variance appears to be proportional to the RPKM for both samples. To address
this, we used an identity link function with Gamma errors such that

RPKMyi
∼ Gamma

(
k,

(
α+ βRPKMxi

)
k

)
where k is a shape parameter, α and β are intercept and slope parameters, RPKMyi
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is the ith RPKM for azithromycin MIC50/verapamil MIC50 and RPKMxi is the ith
RPKM for azithromycin MIC10/verapamil MIC10, and Gamma(x; k, θ) represents
the probability density of x with respect to a Gamma distribution with shape pa-
rameter k and scale parameter θ.

For all models, observations yielding a Mahalanobis distance (Mahalanobis 1936)
> 100 were excluded from analysis.

4.5.5 β-oxidation pathway gene clustering

Clustering of β-oxidation pathway genes was implemented with a Euclidean distance
metric on the standardised RPKMs for each gene and for each RNA-seq library; sub-
sequent to computation of Euclidean distances for each observation, agglomerative
clustering was implemented using Ward’s method (Ward Jr. 1963).

4.6 Availability of data and materials

Lists of all differentially expressed genes (FDR < 0.01) across all treatment condi-
tions are given in Appendix A.
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Chapter 5

Discussion

Mycobacterium abscessus, a member of the rapidly growing mycobacteria, is ca-
pable of causing a variety of soft tissue infections in both immunocompetent and
immunocompromised subjects (Nessar et al. 2012) (Ryan and Byrd 2018). M. ab-
scessus is considered a major broncho-pulmonary pathogen, particularly in patients
with cystic fibrosis or chronic pulmonary disease (van Dorn 2017).

M. abscessus is capable of causing infection in several human organs in im-
munocompetent subjects (Lee et al. 2015), however, pulmonary infection in im-
munocompromised subjects is surely of most importance. Currently, management
of M. abscessus disease in patients with cystic fibrosis is difficult. In compromised
patients, M. abscessus infection is associated with accelerated decline in lung func-
tion (Esther Jr et al. 2010); furthermore, M. abscessus is widely considered to be
a contraindication to lung transplantation and, in the absence of surgical resection,
the infection is often considered incurable (where cure is defined as 12 months of
negative sputum cultures) (Nathavitharana et al. 2019).

Although genome sequences are available for several strains belonging to the
M. abscessus complex, in comparison with more widely studied members of My-
cobacteriaceae, little is known about the transcriptome, translatome and proteome
of M. abscessus. This thesis seeks to reduce the knowledge deficit by elaborating
on transcriptional control in M. abscessus. In particular, several bioinformatics-
based approaches have been developed in the preceding chapters for application to
M. abscessus experimental data. These approaches facilitate the development of
integrated multi-omics maps detailing transcriptional tendencies in stress-inducing

165



166 CHAPTER 5. DISCUSSION

conditions, inference of gene regulatory networks and evaluation of operon regula-
tion in M. abscessus.

5.1 Findings of Chapter 2

M. abscessus achieves broad-spectrum resistance to antibiotic compounds primarily
via the structure and composition of its mycobacterial cell envelope, antibiotic-
modifying enzymes, target-modifying enzymes and efflux mechanisms (Nessar et al.
2012). Although some of the genic elements responsible for implementing these
mechanisms have been identified, a genome-wide, multi-omics approach facilitates
elucidation of the behaviour of these elements from DNA to protein as well as the
identification of hitherto undiscovered genic elements. The second chapter details
the development and findings of a multi-omics integrated map comprising genome
sequence, differential RNA sequencing, RNA sequencing, ribosome profiling and
liquid-chromatography mass-spectrometry (Schrader et al. 2014).

The 5’ and 3’ prime ends of a transcript provide minimal requirements for the
identification of a transcribed feature in a bacterial genome. In addition to the
7,218 transcription start sites identified by differential RNA sequencing, we were
able to identify 4,106 (83%) of the predicted coding sequences in at least RNA se-
quencing, ribosome profiling or mass spectrometry datasets and 1,774 (36%) in all
datasets as per the NCBI gene annotation for M. abscessus (Accession: NC010397).

The ratio of identified transcription start sites to predicted genes in the M.
abscessus genome (almost 3:2) hints at the organism’s ability to form alternative
transcripts. Using the developed integrated map, we were able to identify sev-
eral genic features exhibiting evidence of isoform organisation. Most notably, in
the MviN homolog MAB_4937, we found evidence of an alternative transcription
mechanism that only transcribes (and translates) the essential N-terminal region of
the MAB_4937 gene (Gee et al. 2012). The data comprising the integrated map
appears to confirm the ability of M. abscessus to implement multiple transcriptional
regulation strategies.

Given that ribosome-bound RNA fragments are preserved using the ribosome
profiling technique, this method is particularly useful for identifying sORFs such as
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uORFs. uORFs are—typically—cis-acting regulatory elements that reside in the 5’
leader region of associated genes and participate in regulating the translation of
the downstream gene product (Storz, Wolf, and Ramamurthi 2014). Due to their
proximity to longer ORFs and their small size, uORFs haven proven difficult for com-
putational methods to predict. Using our ribosome profiling data, we were able to
identify 126 new ribosomal protected ORFs within the M. abscessus genome. Per-
haps most notably, we identified a uORF adjacent to mgtE (MAB_2717c); mgtE is
of particular interest as it appears to comprise both a Mg2+-responsive ykoK leader
with a ribosomally protected uORF suggesting an ability to respond to physiologi-
cally diverse signals (Park et al. 2010).

In order to characterise modes of transcriptional response in the M. abscessus
genome, we exposed the bacterium to several environmental conditions including
hypoxia, macrolide and aminoglycoside antibiotics as well as an artificial sputum-like
environment and rough-morphotype M. abscessus culture.

Under hypoxic conditions, the M. abscessus transcriptional response was pri-
marily characterised by an up-regulation in the DosR dormancy regulon. The DosR
transcriptional regulator controls a collection of genes that allow mycobacteria to
persist longterm under hypoxic conditions (Voskuil et al. 2003). Furthermore, a
move towards lipid metabolism was suggested by the up-regulation of several lipid
biosynthesis genes.

M. abscessus appears to exhibit diverse mechanisms of response upon exposure
to antibiotic-rich environments. In particular, in addition to 18 predicted resistance-
associated differentially expressed genes identified in at least one of the two antibi-
otic conditions, a strong protein synthesis response was identified upon exposure to
the macrolide antibiotic erythromycin; genes participating in translation, ribosomal
structure, biogenesis and amino acid transport were highly overrepresented among
the 287 differentially expressed genes identified under these conditions. When sub-
jected to a kanamycin-rich environment, transcriptional regulation was characterised
by a stringent response with heat shock, cold shock and alkaline shock proteins
among the 73 differentially expressed genes identified in the presence of the amino-
glycoside.

In order to characterise M. abscessus’ ability to endure in the host environ-
ment, we exposed the bacterium to an artificial sputum designed to mimic the



168 CHAPTER 5. DISCUSSION

cystic fibrosis lung and respiratory tract environment. Under these conditions, we
observed an underrepresentation of replication, recombination and repair as well
as a down-regulation in protein synthesis pathways (ribosomal and tRNA-synthesis
proteins). We also noticed an up-regulation of the pyruvate dehydrogenase operon
MAB_4918-MAB_4915 suggestive of a change towards more efficient electrochem-
ical gradient generation (Betts et al. 2002). Furthering the low-energy theme, we
observed induction of several inhibitory TetR transcriptional regulators as well as
the AT-rich-binding transcriptional repressor lsr2 (Bartek et al. 2014).

M. abscessus colonies on agar plates conform to one of two morphologies.
Smooth morphology colonies express glycopeptidolipid proteins covering cord-forming
colony structures of the cell wall. Smooth GPL-expressing colonies have been as-
sociated with lesser virulence (Rüger et al. 2014). Our analysis revealed a strong
overlap (43%) between the differentially expressed gene subnetworks between the
rough morphology culture and the hypoxic environment; in particular, we observed
that the entire dormancy DosR regulon was up-regulated under both experimen-
tal conditions. We also observed a strong overlap (49%) between the hypoxic and
sputum-like environments; however, only two genes (devR and devS) were identified
as up-regulated under the sputum-like conditions suggesting that the hypoxic re-
sponse is not induced by the sputum and that devR and devS may assist in multiple
cellular response mechanisms.

5.2 Findings of Chapter 3:

Most gene regulatory network annotations pertaining to M. abscessus rely heavily
on orthologous gene regulatory interactions in related bacterial species. Although
there is precedence for conserved gene regulatory interactions across the eubacte-
rial kingdom of life, several studies have demonstrated highly individualised regulon
membership.

The work in the second chapter facilitates the validation and characterisation of
many genic features inM. abscessus in terms of the expression landscape at the tran-
scriptional, post-transcriptional and translational levels as well as the development
of an expression compendium detailing transcriptional tendencies across a range of
control, antibiotic and stringent response environments. However, notwithstanding
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this, a comprehensive understanding of regulatory elements remains lacking.

Without functional identification of the modes of regulation present in M. ab-
scessus, a complete understanding of howM. abscessus modulates its transcriptomic
tendencies, enabling cells to survive and thrive in hostile environments such as in
the presence of antibiotics or in the host sputum, will remain out of reach.
Although M. abscessus gene regulatory annotations rely primarily on comparative
genomics, comprehensive ChIP-seq data detailing regulator-target pairs from the
related Mycobacterium tuberculosis are available (Galagan et al. 2013).
Using the information gained from the multi-omics integrated map and detailed
expression compendium in conjunction with the catalogued regulator-target pairs
from M. tuberculosis, in the third chapter, we sought to develop an integrative
computational algorithm to infer gene regulatory networks in M. abscessus.

Many approaches have been developed to computationally infer gene regulatory
networks in the literature; in the main, these methods tend to exploit comparative
genomics or expression data. Furthermore, many of these methods tend to return
binary responses or point estimates with respect to the probability of a regulator-
target pair candidate interaction (Petralia et al. 2015) (Huynh-Thu et al. 2010).

Hierarchical Bayesian frameworks provide a natural choice for building proba-
bilistic models that facilitate heterogenous data integration. With a view to inferring
gene regulatory networks, previous integrative Bayesian methods have focussed on
directly modelling putative target gene expression data as a function of regulator
activity in addition to binding strength and sequence information (X. Chen et al.
2018) (G. Chen, Jensen, and Stoeckert Jr 2007).

BINDER (BayesIan gene regulatory Networks inferreD via gene coExpression
and compaRative genomics) utilises a primary data stratum and an auxiliary data
stratum. Here, the data forming the primary and auxiliary strata are derived from
RNA-seq experiments and sequence information from M. abscessus as well as ChIP-
seq data extracted from the related M. tuberculosis. BINDER is a Bayesian hier-
archical model that appositely models the type and structure of both this primary
and auxiliary data to infer the probability of a regulatory interaction between a
regulator-target pair. The auxiliary data inform the prior distributions and the pos-
terior distributions are updated by accounting for the primary coexpression data
in a novel, apposite bivariate likelihood function. BINDER’s Bayesian framework
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facilitates the borrowing of information across the genome yielding estimates of
the probability of regulation between regulator and target candidate genes, as well
as quantification of the inherent uncertainty in a probabilistically principled manner.

We have implemented this Bayesian modelling approach to quantifying the prob-
ability of an interaction across a collection of 167,280 regulatory-target pairs in M.
abscessus. Of these, 54 regulator-target pairs across 5 transcription factors, were
inferred to have a posterior 50th percentile for the probability of a regulator-target
interaction greater than 0.9. The interactions identified in this study will form a
valuable resource for further studies of transcriptional control in M. abscessus and
in the family of Mycobacteriaceae more generally. We expect that the developed
BINDER framework has broad applicability, useable in settings where computational
inference of a gene regulatory network requires integration of data sources derived
from both the primary organism of interest and from related proxy organisms.

5.3 Findings of Chapter 4

Bacterial cells are exposed to highly dynamic environmental contexts. As such,
these cells modulate gene transcription in order to facilitate survival under such
conditions (Poole 2012) (Gupta and Chatterji 2005). From the standpoint of host
infection, the ability of M. abscessus to mediate survival upon exposure to antimi-
crobial agents as well persistence inside nutrient-lacking environments such as host
macrophages is of paramount interest.
In the fourth chapter, our focus shifts towards constructing an inter-conditional
snapshot of the transcriptional landscape in M. abscessus across a range of stress-
inducing conditions comprising exposure to azithromycin and verapamil as well as
nutrient starvation and iron depletion.

In the second chapter, we characterised the transcriptional response to both
erythromycin and kanamycin exposure. With a view to elaborating on the M. ab-
scessus response to antimicrobial compounds, we characterised the transcriptional
response to the macrolide azithromycin at two minimum inhibitory concentrations
(MIC10 and MIC50). Notwithstanding a more intense transcriptional response at
MIC50, we observed a highly similar response between both concentrations.
Similarly, using the data gathered from the second chapter, we were able to iden-
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tify a similar response between exposure to azithromycin and fellow macrolide ery-
thromycin in M. abscessus. In addition to well-documented genes, such as erm(41)
(MAB_2297) and whiB7 (MAB_3508), we identified several instances of differential
regulation unique to azithromycin such as the putative major facilitator superfam-
ily efflux genes MAB_1338 and MAB_2958. These differences are suggestive of
azithromycin-specific mechanisms of resistance.

In addition to up-regulation of iron-chelating structures, exposure to the calcium
ion channel blocker verapamil induced a shift in operon transcription towards allevi-
ating membrane stress and reestablishing the proton motive force. Specifically, we
identified up-regulation of phage shock proteins; phage shock proteins have been
shown to preclude proton leakage, thereby maintaining the proton motive force (Joly
et al. 2010). Elimination of the proton motive force interferes with cellular respi-
ration thereby reducing intra-cellular ATP concentration (Andersen, Holland, and
Jacq 2006). Interestingly, we observed a strong up-regulation in the transcription
of ATP synthase subunits suggesting a compensatory effect.

We observed a complex picture of regulation of fatty acid catabolism pathway
genes under nutrient starvation conditions. Interestingly, we observed a clearer
transcriptional signal with respect to amino acid catabolism under these same con-
ditions. Up-regulation of branched chain amino acid catabolism genes is suggestive
of a preference for amino acids a source of energy generation in starved M. absces-
sus cells.

Under both iron-limited and nutrient-lacking conditions, we observed the genome-
wide down-regulation of cell-wall biosynthesis operons including those responsible
for the biosynthesis of glycopeptidolipids. Given the importance of glycopeptidolipid
expression in the shift from the smooth colony to the rough colony morphotype in
M. abscessus (Gutiérrez et al. 2018), we wonder if nutrient/iron limiting condi-
tions, such as those found in host macrophages, may induce a shift in morphology.
In consonance with this hypothesis, we observed similar up-regulation of virulence-
associated operons. It is worth noting that several energy-generating operons were
also down-regulated under these conditions, suggesting a shift towards a low-energy
transcriptional profile that may explain the down-regulation of cell wall biosynthesis.

Finally, under both iron and nutrient deficiency, we identified a systematic up-
regulation of luciferase-like monooxygenases. Luciferase-like monooxygeneases have
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been shown to alleviate the effects of oxidative stress such as that caused by nu-
trient limitation (Greening et al. 2016). In furtherance of this signal, we identified
up-regulation of several genes known to mediate defence against both reactive oxy-
gen and reactive nitrogen species.

5.4 Future Work

In the second chapter, during analysis of the ribosome profiling component of the
multi-omics integrated map, we discovered that a number of ribosomally protected
fragments encompassed regions overlapping canonical non-coding RNAs such as tR-
NAs, homologs of annotated mycobacterial small regulatory RNAs as well as several
novel putative sRNA candidates.

Similar to eukaryotic microRNAs, bacterial small RNAs typically target multiple
mRNAs through short seed pairing, thereby acting as global post-transcriptional
regulators. Smalll RNAs in mycobacteria have been implicated in mediating viru-
lence (Haning, Cho, and Contreras 2014).

The presence of small RNAs within the dataset either suggests that they may
interact directly with the ribosome outside of their normal role in transcriptional or
translational repression. A more likely scenario, however, is that they are protected
by ribosomes, during the process of ribosome occlusion, when regulating their tar-
gets (Zafar et al. 2014).

Exploiting the findings of the ribosome profiling data with respect to the small
RNAs, an appealing follow-on analysis suggests developing a Cas9/CRISPR knock-
down system with a view to achieving the classification of mechanisms and effects
of each of the selected small RNAs; more specifically, a modified version of the
CRISPR interference system could be applied to each selected small RNA. The
CRISPR interference system would enable a targeted gene regulation approach on
a genome-wide scale; this strategy can be used for interrogating, perturbing and
engineering cellular systems. The method for controlling gene expression is predi-
cated on Cas9, an RNA-guided DNA endonuclease from a type II CRISPR system.
Qi et al. (2013) demonstrated that catalytically dead Cas9 lacking endonuclease
activity, when coexpressed with a guide RNA, generates a DNA recognition com-
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plex that can specifically interfere with transcriptional elongation, RNA polymerase
binding, or transcription factor binding. They also demonstrate that CRISPR inter-
ference can efficiently repress expression of targeted genes in Escherichia coli, with
no detectable off-target effects, where CRISPR interference can be used to repress
multiple target genes simultaneously. Furthermore, the effects of the CRISPR inter-
ference system are reversible. The RNA-guided DNA recognition platform facilitates
an approach for selectively perturbing gene expression on a genome-wide scale (Qi
et al. 2013).
Given that it has been shown that both slow-growing and rapid-growing mycobacte-
ria share a conserved subset of small RNAs, this analysis may not only contribute to
regulatory insights in M. abscessus but also in the slow-growing etiological agents
of tuberculosis (M. tuberculosis) and leprosy (M. leprae) (Li et al. 2013).

In the third chapter, we propose a novel statistical computational modelling
approach, BINDER, to computationally infer the gene regulatory network for M.
abscessus. With a view to further improving performance, it may be worth explor-
ing possible extensions to the proposed model.

Recent studies have suggested that implementing an ensemble approach to mo-
tif identification can improve detection results (Lihu and Holban 2015). BINDER
could be extended to augment the number of motif search tools used in the analysis.
Similarly, another suggestion is to augment the number of proxy organisms from
a single proxy organism to multiple proxy organisms, similar in vein to (Waltman
et al. 2010). A spike-and-slab prior distribution (Ishwaran and Rao 2005) for the
associated model parameters would provide insight on the value of the information
contained in the individual proxy organisms. Although we have used exclusively bi-
nary variables in the auxiliary stratum, there is no restriction on the form of auxiliary
data that can be modelled by BINDER; this provides another avenue of possible
model expansion. Furthermore, it is possible to extend the dimensionality of the
primary stratum. In general, data that are binary or lie in [0, 1] can easily be
appended to the primary stratum: for example, the direct coexpression between
a given regulator-target pair could be used to form a trivariate primary stratum.
Future data that are neither binary nor in [0,1] could in principle also be incorpo-
rated through exploiting BINDER’s apposite multivariate likelihood structure. New
technologies producing data types we have not yet seen could be included given
BINDER’s probabilistic modelling basis.
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Similarly, an investigation of the effect of incorporating more sophisticated lev-
els of dependency in the BINDER model could be explored. Such dependencies
could be based on operon co-membership, on regulator family membership (e.g.
the whiB-like family (Alam, Garg, and Agrawal 2009)), on target reoccurrence or
on gene function using GO (Ashburner et al. 2000) or COG (Tatusov et al. 2000),
for example.

Throughout the fourth chapter, we observed complex regulatory behaviour of
operon structures in M. abscessus across a range of stress-inducing conditions. Re-
cent evidence demonstrates that in addition to operon boundaries changing across
conditions, multiple operon variants involving the same genes are expressed within
a given condition (Yan et al. 2018).

To address this property, there is a need to develop novel methods capable of
predicting the number of operon variants and estimating the relative expression
abundance explainable by each predicted variant.
SMRT-Cappable-seq is a novel experimental approach that allows for accurately
evaluating the number of operon variants active and relative expression abundance
owing to each operon variant under a given experimental environment (Yan et al.
2018). Notwithstanding the benefits offered by SMRT-Cappable-seq, given the
plethora of publicly available RNA sequencing libraries, it would seem expedient to
develop computational approaches to elaborate on the type of regulatory behaviour
observed in the fourth chapter with a view to more comprehensively evaluating
operon complexity in prokaryotic organisms.

5.5 Concluding remarks

The threat posed by M. abscessus to individuals living with cystic fibrosis is par-
ticularly relevant in an Irish context given that Ireland currently has the highest
incidence of cystic fibrosis in the world; the incidence of cystic fibrosis in Ireland is
almost 3 times the average rate in other EU countries and the United States with
approximately 1 in 19 Irish people said to carry one copy of the altered CFTR gene



5.5. CONCLUDING REMARKS 175

(Cystic Fibrosis Ireland 2019).
Infections caused by M. abscessus are typically difficult to treat owing to the bac-
terium’s intrinsic resistance to both classical anti-tuberculous drugs and many cur-
rently available antibiotics (including macrolide and aminoglycoside therapies) (Nes-
sar et al. 2012) (Ryan and Byrd 2018). We hope that the research in this thesis
will contribute towards the development of new treatment strategies in combatting
mycobacterial infection both in Ireland and worldwide.
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Appendix A

Appendix 1

A.1 Differentially Expressed Genes from Chapter 4

A.1.1 Differentially expressed genes upon exposure to azithromycin
MIC10 condition relative to Middlebrook 7H9 (control)
condition:

Locus Tag logFC FDR
1 MAB_3508c 2.25e+00 2.50e-24
2 MAB_2297 1.44e+00 1.29e-14
3 MAB_3786c 1.23e+00 5.75e-14
4 MAB_0163c 1.13e+00 5.96e-13
5 MAB_2903 2.01e+00 1.20e-12
6 MAB_1409c 1.24e+00 7.83e-12
7 MAB_4532c 1.10e+00 4.72e-11
8 MAB_2355c 1.21e+00 6.21e-11
9 MAB_4837c 1.83e+00 1.43e-10
10 MAB_0357c 1.37e+00 1.60e-10
11 MAB_0162c 1.27e+00 8.37e-09
12 MAB_1124c 1.09e+00 2.63e-08
13 MAB_1337c 1.46e+00 2.63e-08
14 MAB_4369c 1.54e+00 1.53e-07
15 MAB_2298 8.79e-01 1.75e-07
16 MAB_1846 1.47e+00 2.03e-07
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17 MAB_1408c 8.48e-01 2.03e-07
18 MAB_4620c 1.45e+00 2.03e-07
19 MAB_2526c -1.15e+00 2.15e-07
20 MAB_4294 1.09e+00 2.15e-07
21 MAB_0766 1.10e+00 3.00e-07
22 MAB_1396 9.29e-01 4.11e-07
23 MAB_2521c -1.07e+00 8.47e-07
24 MAB_3408c 8.13e-01 8.63e-07
25 MAB_0345 1.03e+00 1.02e-06
26 MAB_4324c 9.82e-01 1.12e-06
27 MAB_2518 -1.08e+00 2.10e-06
28 MAB_3763 1.02e+00 3.67e-06
29 MAB_3762 1.01e+00 3.67e-06
30 MAB_1458 7.97e-01 5.39e-06
31 MAB_4395 8.09e-01 6.82e-06
32 MAB_4368c 9.07e-01 7.80e-06
33 MAB_3785c 8.20e-01 7.91e-06
34 MAB_0356c 1.19e+00 9.80e-06
35 MAB_0857 9.59e-01 1.24e-05
36 MAB_3166 1.06e+00 1.31e-05
37 MAB_2528c -1.15e+00 1.36e-05
38 MAB_4945c 1.21e+00 2.65e-05
39 MAB_2519c -9.16e-01 3.06e-05
40 MAB_0880 8.75e-01 3.31e-05
41 MAB_3751c 8.32e-01 3.76e-05
42 MAB_2668c 7.21e-01 5.06e-05
43 MAB_0801 7.76e-01 5.16e-05
44 MAB_1341 8.78e-01 5.16e-05
45 MAB_4298c 1.02e+00 6.49e-05
46 MAB_0800 1.11e+00 7.40e-05
47 MAB_2525c -9.93e-01 7.94e-05
48 MAB_2504c -9.38e-01 9.09e-05
49 MAB_3108c 7.38e-01 1.60e-04
50 MAB_2514c -8.59e-01 1.96e-04
51 MAB_1296 1.17e+00 2.89e-04
52 MAB_1397c 7.70e-01 3.40e-04
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53 MAB_4621c 7.89e-01 3.42e-04
54 MAB_3509c 1.40e+00 3.42e-04
55 MAB_2503c -8.52e-01 3.50e-04
56 MAB_2509c -1.13e+00 4.06e-04
57 MAB_3668 7.42e-01 4.53e-04
58 MAB_2506c -9.04e-01 4.53e-04
59 MAB_0160 9.01e-01 5.02e-04
60 MAB_2989 9.10e-01 5.03e-04
61 MAB_2510c -9.32e-01 5.25e-04
62 MAB_4820 1.27e+00 6.31e-04
63 MAB_1407c 5.99e-01 6.45e-04
64 MAB_2780c 7.60e-01 6.79e-04
65 MAB_3805c 7.53e-01 6.80e-04
66 MAB_3900c -9.33e-01 7.93e-04
67 MAB_3806c 9.76e-01 7.93e-04
68 MAB_3464 7.46e-01 7.93e-04
69 MAB_2669c 5.93e-01 7.93e-04
70 MAB_3226c 7.73e-01 8.14e-04
71 MAB_0343 6.21e-01 8.60e-04
72 MAB_3807c 8.98e-01 1.01e-03
73 MAB_4730 7.69e-01 1.05e-03
74 MAB_1344c 8.75e-01 1.30e-03
75 MAB_2692c 5.95e-01 1.43e-03
76 MAB_4792 1.07e+00 1.46e-03
77 MAB_1125c 1.12e+00 1.46e-03
78 MAB_1395 9.73e-01 1.56e-03
79 MAB_2323 -7.30e-01 1.64e-03
80 MAB_1410c 8.63e-01 1.81e-03
81 MAB_2227c -7.35e-01 2.20e-03
82 MAB_1433 5.39e-01 2.41e-03
83 MAB_1044c 1.24e+00 2.68e-03
84 MAB_3244 -9.22e-01 2.82e-03
85 MAB_0404c 7.79e-01 2.96e-03
86 MAB_4054c 8.86e-01 3.19e-03
87 MAB_2396 7.33e-01 3.52e-03
88 MAB_2845 6.82e-01 3.52e-03
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89 MAB_3042c 7.67e-01 3.92e-03
90 MAB_1201c 6.14e-01 4.13e-03
91 MAB_2273 9.10e-01 4.65e-03
92 MAB_0733 9.63e-01 4.86e-03
93 MAB_3227c 5.97e-01 5.13e-03
94 MAB_2132 5.19e-01 5.81e-03
95 MAB_2219 -8.27e-01 5.94e-03
96 MAB_2131 5.63e-01 6.04e-03
97 MAB_3794c 1.09e+00 6.36e-03
98 MAB_2517c -8.61e-01 6.48e-03
99 MAB_2956 8.22e-01 6.55e-03
100 MAB_0115c 6.50e-01 6.87e-03

Table A.1: Top 100 differentially expressed genes upon exposure to
azithromycin MIC10 condition relative to control condition.

A.1.2 Differentially expressed genes upon exposure to azithromycin
MIC50 condition relative to Middlebrook 7H9 (control)
condition:

Locus Tag logFC FDR
1 MAB_3508c 4.54e+00 7.65e-87
2 MAB_2298 2.97e+00 7.65e-87
3 MAB_2297 3.54e+00 3.01e-86
4 MAB_0857 3.75e+00 1.59e-85
5 MAB_3786c 3.02e+00 1.93e-83
6 MAB_0357c 3.80e+00 8.49e-74
7 MAB_1124c 3.11e+00 9.54e-68
8 MAB_3762 3.44e+00 1.62e-67
9 MAB_0163c 2.38e+00 7.57e-60

10 MAB_4532c 2.42e+00 3.34e-54
11 MAB_4620c 3.91e+00 3.54e-51
12 MAB_2355c 2.58e+00 7.44e-50
13 MAB_2131 2.25e+00 1.32e-48
14 MAB_3424c 3.04e+00 2.85e-47
15 MAB_4621c 2.60e+00 2.87e-46
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16 MAB_2273 3.69e+00 4.06e-46
17 MAB_0766 2.77e+00 4.57e-46
18 MAB_1409c 2.39e+00 8.07e-45
19 MAB_0880 2.48e+00 1.33e-42
20 MAB_1396 2.16e+00 3.77e-41
21 MAB_1337c 3.13e+00 1.14e-40
22 MAB_0162c 2.62e+00 1.62e-39
23 MAB_4395 2.02e+00 5.57e-38
24 MAB_1458 1.95e+00 1.81e-37
25 MAB_0734 4.44e+00 5.93e-37
26 MAB_0733 3.46e+00 7.87e-37
27 MAB_1950 1.77e+00 1.97e-36
28 MAB_2396 2.38e+00 5.89e-35
29 MAB_2904 2.76e+00 1.61e-34
30 MAB_0356c 2.95e+00 1.61e-34
31 MAB_4324c 2.20e+00 4.80e-34
32 MAB_4369c 2.87e+00 9.14e-34
33 MAB_2132 1.70e+00 6.25e-33
34 MAB_3107c 2.50e+00 2.34e-32
35 MAB_3751c 2.05e+00 4.03e-32
36 MAB_2845 2.14e+00 1.29e-31
37 MAB_1341 2.16e+00 1.31e-31
38 MAB_4368c 1.95e+00 1.58e-31
39 MAB_1395 2.87e+00 5.73e-30
40 MAB_2780c 2.08e+00 8.25e-30
41 MAB_4294 2.14e+00 1.97e-29
42 MAB_2669c 1.60e+00 2.19e-29
43 MAB_2736c 1.66e+00 4.27e-29
44 MAB_0404c 2.30e+00 1.12e-28
45 MAB_3807c 2.47e+00 5.95e-28
46 MAB_4921c 2.08e+00 6.61e-28
47 MAB_3668 1.87e+00 1.10e-27
48 MAB_4837c 2.94e+00 1.51e-27
49 MAB_1408c 1.55e+00 6.38e-27
50 MAB_3464 1.93e+00 7.08e-27
51 MAB_0343 1.60e+00 2.05e-26
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52 MAB_3785c 1.66e+00 1.35e-25
53 MAB_1117c 1.70e+00 4.11e-25
54 MAB_2903 2.78e+00 4.11e-25
55 MAB_3408c 1.51e+00 4.84e-25
56 MAB_0160 2.09e+00 9.13e-25
57 MAB_0345 1.90e+00 5.56e-24
58 MAB_1125c 2.93e+00 1.01e-23
59 MAB_3210c 3.09e+00 1.28e-23
60 MAB_3913 2.55e+00 6.38e-23
61 MAB_3043c 1.68e+00 1.42e-22
62 MAB_3323c 1.45e+00 8.75e-22
63 MAB_3227c 1.54e+00 1.05e-21
64 MAB_3683c 1.82e+00 1.60e-21
65 MAB_3180 2.64e+00 2.11e-21
66 MAB_2846 1.50e+00 2.21e-21
67 MAB_3226c 1.75e+00 3.63e-21
68 MAB_1846 2.37e+00 1.35e-20
69 MAB_2691c 1.34e+00 1.97e-20
70 MAB_0801 1.48e+00 2.06e-20
71 MAB_1429 2.01e+00 2.28e-20
72 MAB_3018 1.89e+00 2.69e-20
73 MAB_3682c 1.48e+00 5.42e-20
74 MAB_3042c 1.90e+00 7.51e-20
75 MAB_3593 1.97e+00 1.26e-19
76 MAB_2177 2.59e+00 1.68e-19
77 MAB_1201c 1.49e+00 2.28e-19
78 MAB_2640c 1.89e+00 6.12e-19
79 MAB_1344c 1.96e+00 8.11e-19
80 MAB_2868c 1.85e+00 8.68e-19
81 MAB_3108c 1.44e+00 1.66e-18
82 MAB_4295c 2.03e+00 1.70e-18
83 MAB_4945c 1.93e+00 2.75e-18
84 MAB_0358 1.42e+00 3.77e-18
85 MAB_3211c 2.79e+00 4.23e-18
86 MAB_4054c 2.07e+00 4.23e-18
87 MAB_3509c 2.92e+00 4.67e-18
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88 MAB_0273c 2.18e+00 4.67e-18
89 MAB_2891c 1.39e+00 6.59e-18
90 MAB_3166 1.82e+00 1.11e-17
91 MAB_1340 2.10e+00 1.71e-17
92 MAB_3805c 1.55e+00 1.84e-17
93 MAB_4917c 1.51e+00 2.53e-17
94 MAB_2667c 1.50e+00 3.57e-17
95 MAB_0155 1.42e+00 4.40e-17
96 MAB_3763 1.62e+00 5.25e-17
97 MAB_4820 2.61e+00 5.45e-17
98 MAB_3624c 2.31e+00 6.21e-17
99 MAB_3820c 1.65e+00 7.90e-17
100 MAB_0881 1.63e+00 1.17e-16

Table A.2: Top 100 differentially expressed genes upon exposure to
azithromycin MIC50 condition relative to control condition.

A.1.3 Differentially expressed genes upon exposure to azithromycin
MIC50 condition relative to azithromycin MIC10 condi-
tion:

Locus Tag logFC FDR
1 MAB_0857 2.79e+00 3.49e-52
2 MAB_2298 2.09e+00 1.79e-46
3 MAB_3762 2.42e+00 2.76e-36
4 MAB_2297 2.11e+00 1.77e-34
5 MAB_0357c 2.42e+00 1.41e-33
6 MAB_3786c 1.79e+00 4.07e-32
7 MAB_1124c 2.02e+00 2.66e-31
8 MAB_3424c 2.32e+00 6.77e-29
9 MAB_2131 1.69e+00 1.87e-28
10 MAB_2273 2.78e+00 3.09e-28
11 MAB_3508c 2.30e+00 5.83e-27
12 MAB_2904 2.35e+00 4.25e-26
13 MAB_0734 3.18e+00 6.23e-24
14 MAB_4621c 1.81e+00 9.47e-24
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15 MAB_4620c 2.46e+00 3.43e-23
16 MAB_0733 2.49e+00 1.29e-20
17 MAB_2736c 1.38e+00 2.43e-20
18 MAB_4917c 1.65e+00 4.30e-20
19 MAB_3107c 1.92e+00 1.04e-19
20 MAB_1950 1.30e+00 1.04e-19
21 MAB_0880 1.60e+00 6.99e-19
22 MAB_0766 1.68e+00 4.51e-18
23 MAB_0163c 1.25e+00 7.28e-18
24 MAB_0873 1.76e+00 8.71e-18
25 MAB_2396 1.64e+00 1.03e-17
26 MAB_4532c 1.33e+00 3.45e-17
27 MAB_3323c 1.26e+00 2.92e-16
28 MAB_2132 1.18e+00 4.41e-16
29 MAB_0155 1.35e+00 2.88e-15
30 MAB_1429 1.70e+00 3.29e-15
31 MAB_2355c 1.38e+00 3.80e-15
32 MAB_2868c 1.64e+00 4.30e-15
33 MAB_2845 1.46e+00 4.30e-15
34 MAB_3593 1.66e+00 1.28e-14
35 MAB_4921c 1.47e+00 1.77e-14
36 MAB_3210c 2.34e+00 1.80e-14
37 MAB_1396 1.23e+00 2.10e-14
38 MAB_4395 1.21e+00 3.47e-14
39 MAB_3682c 1.24e+00 5.01e-14
40 MAB_1395 1.90e+00 5.22e-14
41 MAB_1337c 1.67e+00 9.77e-14
42 MAB_1458 1.15e+00 1.22e-13
43 MAB_3208c 1.93e+00 1.46e-13
44 MAB_0356c 1.76e+00 2.37e-13
45 MAB_3043c 1.28e+00 3.68e-13
46 MAB_0404c 1.52e+00 4.35e-13
47 MAB_3211c 2.31e+00 1.19e-12
48 MAB_2780c 1.32e+00 2.06e-12
49 MAB_3180 1.92e+00 2.84e-12
50 MAB_0770 1.51e+00 3.06e-12
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51 MAB_1117c 1.18e+00 3.36e-12
52 MAB_2177 2.01e+00 3.83e-12
53 MAB_4716c 1.51e+00 5.11e-12
54 MAB_3913 1.81e+00 5.54e-12
55 MAB_2669c 1.01e+00 6.14e-12
56 MAB_3807c 1.58e+00 6.25e-12
57 MAB_3751c 1.22e+00 8.22e-12
58 MAB_1341 1.28e+00 8.22e-12
59 MAB_0162c 1.35e+00 8.26e-12
60 MAB_3683c 1.33e+00 8.58e-12
61 MAB_2717c 2.11e+00 9.87e-12
62 MAB_4296c 1.25e+00 1.50e-11
63 MAB_2741 -1.30e+00 2.59e-11
64 MAB_2488c 1.01e+00 2.74e-11
65 MAB_1409c 1.15e+00 3.15e-11
66 MAB_4295c 1.53e+00 3.15e-11
67 MAB_3283c 1.07e+00 3.35e-11
68 MAB_2640c 1.42e+00 4.41e-11
69 MAB_4324c 1.21e+00 5.20e-11
70 MAB_2211c -1.23e+00 5.20e-11
71 MAB_3464 1.18e+00 1.26e-10
72 MAB_3668 1.12e+00 1.26e-10
73 MAB_1612 1.17e+00 1.28e-10
74 MAB_4052c 1.50e+00 1.50e-10
75 MAB_2846 1.03e+00 2.10e-10
76 MAB_2716c 1.35e+00 2.19e-10
77 MAB_4368c 1.04e+00 2.76e-10
78 MAB_0343 9.84e-01 3.45e-10
79 MAB_1125c 1.82e+00 7.37e-10
80 MAB_4369c 1.34e+00 1.18e-09
81 MAB_3018 1.26e+00 1.40e-09
82 MAB_3820c 1.23e+00 1.57e-09
83 MAB_2891c 1.01e+00 1.60e-09
84 MAB_2188 9.95e-01 2.07e-09
85 MAB_0858 9.16e-01 2.30e-09
86 MAB_2667c 1.10e+00 2.67e-09
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87 MAB_3209c 1.89e+00 2.92e-09
88 MAB_4729c 9.84e-01 3.33e-09
89 MAB_2691c 8.90e-01 3.55e-09
90 MAB_1340 1.49e+00 4.07e-09
91 MAB_0160 1.19e+00 4.64e-09
92 MAB_3540c 8.82e-01 4.91e-09
93 MAB_0768 1.26e+00 5.07e-09
94 MAB_2886c 1.13e+00 5.17e-09
95 MAB_3194c 1.70e+00 5.30e-09
96 MAB_4407c 1.54e+00 5.59e-09
97 MAB_1603 8.76e-01 8.01e-09
98 MAB_3873c 1.03e+00 1.28e-08
99 MAB_2323 1.10e+00 1.44e-08
100 MAB_3227c 9.47e-01 1.44e-08

Table A.3: Top 100 differentially expressed genes upon exposure to
azithromycin MIC50 condition relative to azithromycin MIC10 condi-
tion.

A.1.4 Differentially expressed genes upon exposure to ver-
apamil MIC10 condition relative to Middlebrook 7H9
(control) condition:

Locus Tag logFC FDR
1 MAB_3408c -1.17e+00 4.78e-13
2 MAB_2047c 1.43e+00 7.33e-12
3 MAB_4785 -9.86e-01 2.24e-06
4 MAB_0947c -1.20e+00 2.54e-06
5 MAB_1464 1.32e+00 6.51e-06
6 MAB_4352c 1.07e+00 2.18e-05
7 MAB_2515c -9.62e-01 2.18e-05
8 MAB_2509c -1.34e+00 2.18e-05
9 MAB_1925 -1.59e+00 2.18e-05
10 MAB_4426 -1.21e+00 2.18e-05
11 MAB_2521c -9.34e-01 4.79e-05
12 MAB_1344c -1.09e+00 4.79e-05
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13 MAB_3217 -8.16e-01 4.79e-05
14 MAB_0214c -8.94e-01 1.24e-04
15 MAB_3730c 1.50e+00 1.25e-04
16 MAB_2528c -1.09e+00 1.25e-04
17 MAB_3901 -9.78e-01 1.26e-04
18 MAB_2048c 1.33e+00 1.26e-04
19 MAB_1084c 9.84e-01 1.26e-04
20 MAB_2532 -1.23e+00 1.26e-04
21 MAB_1706c -8.43e-01 1.26e-04
22 MAB_4443 -8.98e-01 1.26e-04
23 MAB_2506c -9.66e-01 1.48e-04
24 MAB_2518 -9.26e-01 1.65e-04
25 MAB_1024 1.06e+00 1.65e-04
26 MAB_1514 7.60e-01 1.65e-04
27 MAB_3133c 1.47e+00 1.65e-04
28 MAB_1143c -1.05e+00 2.06e-04
29 MAB_2514c -8.49e-01 2.12e-04
30 MAB_2791c 1.64e+00 2.35e-04
31 MAB_2203 -1.29e+00 2.35e-04
32 MAB_2322 -1.36e+00 2.36e-04
33 MAB_0063c -1.24e+00 2.46e-04
34 MAB_2903 -1.20e+00 2.62e-04
35 MAB_2749c 7.23e-01 2.87e-04
36 MAB_t5029 8.04e-01 3.01e-04
37 MAB_4896c -7.88e-01 3.34e-04
38 MAB_0271 8.54e-01 3.65e-04
39 MAB_0592c -7.16e-01 3.67e-04
40 MAB_2519c -8.11e-01 3.67e-04
41 MAB_2694 1.00e+00 3.95e-04
42 MAB_0212 1.13e+00 4.58e-04
43 MAB_1852c -1.11e+00 4.58e-04
44 MAB_2525c -9.12e-01 4.58e-04
45 MAB_2792c 1.63e+00 4.74e-04
46 MAB_2267c 1.59e+00 5.44e-04
47 MAB_4902c 8.38e-01 6.04e-04
48 MAB_2529c -9.52e-01 6.44e-04
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49 MAB_1192c -1.22e+00 6.44e-04
50 MAB_0903 -8.15e-01 6.94e-04
51 MAB_0904 -7.59e-01 7.69e-04
52 MAB_4930 -7.84e-01 8.11e-04
53 MAB_1922 -1.68e+00 8.33e-04
54 MAB_1036 7.04e-01 9.20e-04
55 MAB_3597c 1.36e+00 9.73e-04
56 MAB_0495c 9.15e-01 1.10e-03
57 MAB_4187 -7.69e-01 1.15e-03
58 MAB_0800 -1.02e+00 1.15e-03
59 MAB_3680 -8.28e-01 1.15e-03
60 MAB_2594 -7.15e-01 1.18e-03
61 MAB_2055 -1.75e+00 1.19e-03
62 MAB_1026c -1.08e+00 1.20e-03
63 MAB_1446 1.73e+00 1.20e-03
64 MAB_1125c -1.13e+00 1.41e-03
65 MAB_2558 -1.03e+00 1.41e-03
66 MAB_0838c -9.25e-01 1.44e-03
67 MAB_2907 -1.13e+00 1.47e-03
68 MAB_4003c 7.19e-01 1.53e-03
69 MAB_2224c -9.25e-01 1.53e-03
70 MAB_1448 9.55e-01 1.57e-03
71 MAB_3952 -1.06e+00 1.57e-03
72 MAB_2016 7.33e-01 1.57e-03
73 MAB_0902 -8.47e-01 1.57e-03
74 MAB_0483c -8.57e-01 1.57e-03
75 MAB_4714c 8.44e-01 1.57e-03
76 MAB_1949 -8.86e-01 1.57e-03
77 MAB_3890c 1.02e+00 1.57e-03
78 MAB_1727c 9.08e-01 1.57e-03
79 MAB_2432c -8.12e-01 1.61e-03
80 MAB_3596c 7.43e-01 1.72e-03
81 MAB_2552c 8.87e-01 1.79e-03
82 MAB_2427 -1.47e+00 2.03e-03
83 MAB_1247c -8.92e-01 2.03e-03
84 MAB_1860 8.57e-01 2.03e-03
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85 MAB_2520c -7.70e-01 2.03e-03
86 MAB_3012 -9.96e-01 2.03e-03
87 MAB_2323 -7.17e-01 2.03e-03
88 MAB_r5051 -8.70e+00 2.07e-03
89 MAB_2061c -1.48e+00 2.17e-03
90 MAB_2555 6.02e-01 2.20e-03
91 MAB_1037 6.61e-01 2.46e-03
92 MAB_4711 7.55e-01 2.46e-03
93 MAB_2664c -8.36e-01 2.47e-03
94 MAB_0798c -1.37e+00 2.55e-03
95 MAB_0330 8.74e-01 2.58e-03
96 MAB_4347 7.86e-01 2.63e-03
97 MAB_1028c -6.40e-01 2.63e-03
98 MAB_2182c -7.22e-01 2.63e-03
99 MAB_4444 -7.08e-01 2.63e-03

100 MAB_4952c -1.04e+00 2.63e-03

Table A.4: Top 100 differentially expressed genes upon exposure to
verapamil MIC10 condition relative to control condition.

A.1.5 Differentially expressed genes upon exposure to ver-
apamil MIC50 condition relative to Middlebrook 7H9
(control) condition:

Locus Tag logFC FDR
1 MAB_1262 1.94e+00 1.26e-15
2 MAB_3717 1.73e+00 2.05e-14
3 MAB_1134c 1.19e+00 2.48e-13
4 MAB_3065c 1.35e+00 6.82e-12
5 MAB_2047c 1.32e+00 2.90e-10
6 MAB_2301 1.12e+00 3.92e-10
7 MAB_1263 1.36e+00 1.66e-09
8 MAB_2299c 1.18e+00 2.70e-09
9 MAB_3716 1.58e+00 5.16e-09
10 MAB_3028 1.00e+00 1.48e-08
11 MAB_2300 1.21e+00 1.48e-08
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12 MAB_1261 1.85e+00 7.13e-07
13 MAB_4706c 1.30e+00 9.00e-07
14 MAB_2791c 2.03e+00 1.31e-06
15 MAB_2790c 1.50e+00 4.54e-06
16 MAB_1135c 1.41e+00 9.22e-06
17 MAB_2792c 1.88e+00 4.29e-05
18 MAB_1362 1.08e+00 1.31e-04
19 MAB_2515c -8.22e-01 5.10e-04
20 MAB_4131 7.90e-01 8.12e-04
21 MAB_3005c 9.27e-01 8.90e-04
22 MAB_1136 9.96e-01 1.30e-03
23 MAB_3714c 6.72e-01 1.30e-03
24 MAB_2532 -1.09e+00 1.37e-03
25 MAB_2886c 7.91e-01 1.49e-03
26 MAB_1727c 9.59e-01 1.53e-03
27 MAB_4714c 8.79e-01 2.02e-03
28 MAB_2516c -9.22e-01 5.29e-03
29 MAB_2048c 1.09e+00 6.12e-03
30 MAB_3596c 7.30e-01 6.23e-03
31 MAB_0947c -8.00e-01 8.28e-03
32 MAB_2749c 6.04e-01 1.05e-02
33 MAB_0093 7.28e-01 1.08e-02
34 MAB_4610c 7.74e-01 1.21e-02
35 MAB_t5008c -1.02e+00 1.33e-02
36 MAB_2514c -6.61e-01 1.64e-02
37 MAB_0483c -7.65e-01 1.64e-02
38 MAB_t5031c -7.33e-01 1.66e-02
39 MAB_2716c 7.61e-01 1.84e-02
40 MAB_3371c 8.21e-01 1.90e-02
41 MAB_4143c 8.17e-01 1.91e-02
42 MAB_0800 -8.58e-01 2.26e-02
43 MAB_2517c -8.12e-01 2.26e-02
44 MAB_0929 5.76e-01 2.36e-02
45 MAB_1357c 7.16e-01 2.38e-02
46 MAB_4309c 7.11e-01 2.51e-02
47 MAB_r5052 -4.90e+00 2.55e-02
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48 MAB_2907 -9.56e-01 2.56e-02
49 MAB_t5009c -1.09e+00 2.58e-02
50 MAB_2561c 7.71e-01 2.58e-02
51 MAB_r5051 -7.21e+00 2.58e-02
52 MAB_t5036 -1.49e+00 2.79e-02
53 MAB_0143c 8.87e-01 2.79e-02
54 MAB_4611c 6.77e-01 3.33e-02
55 MAB_2789c 1.22e+00 3.42e-02
56 MAB_3730c 1.04e+00 3.42e-02
57 MAB_1036 5.63e-01 3.42e-02
58 MAB_t5037 -1.14e+00 3.42e-02
59 MAB_2529c -7.33e-01 3.80e-02
60 MAB_0902 -6.98e-01 3.80e-02
61 MAB_4770c 7.94e-01 4.03e-02
62 MAB_2437c 6.08e-01 4.03e-02
63 MAB_1672 -5.86e-01 4.03e-02
64 MAB_2435 -7.75e-01 4.06e-02
65 MAB_2509c -8.05e-01 4.63e-02
66 MAB_3011 -9.29e-01 4.63e-02
67 MAB_2203 -9.04e-01 4.68e-02
68 MAB_2903 -8.40e-01 4.91e-02
69 MAB_3217 -5.18e-01 4.91e-02
70 MAB_1358c 6.12e-01 5.41e-02
71 MAB_4748c 8.68e-01 5.75e-02
72 MAB_2521c -5.76e-01 5.87e-02
73 MAB_0650 -7.77e-01 6.07e-02
74 MAB_0903 -5.95e-01 6.13e-02
75 MAB_4675c 8.93e-01 6.56e-02
76 MAB_t5022c -1.21e+00 6.56e-02
77 MAB_1464 7.38e-01 6.56e-02
78 MAB_0904 -5.49e-01 7.13e-02
79 MAB_t5002 -6.45e-01 7.22e-02
80 MAB_3408c -4.44e-01 7.70e-02
81 MAB_2520c -5.90e-01 8.34e-02
82 MAB_t5003 -8.90e-01 8.34e-02
83 MAB_4786c -9.18e-01 8.49e-02
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84 MAB_1846 -7.57e-01 8.67e-02
85 MAB_4387 5.67e-01 8.67e-02
86 MAB_0930 4.77e-01 8.67e-02
87 MAB_3598c 9.15e-01 9.65e-02
88 MAB_3597c 9.56e-01 9.65e-02
89 MAB_0104 5.98e-01 9.66e-02
90 MAB_3016c 6.46e-01 1.02e-01
91 MAB_3719c 4.04e-01 1.02e-01
92 MAB_3024 4.61e-01 1.02e-01
93 MAB_4173 6.95e-01 1.03e-01
94 MAB_2558 -7.26e-01 1.05e-01
95 MAB_2217 -5.23e-01 1.07e-01
96 MAB_2053 -1.36e+00 1.23e-01
97 MAB_2338 4.25e-01 1.33e-01
98 MAB_1448 6.71e-01 1.34e-01
99 MAB_4244c -5.09e-01 1.35e-01
100 MAB_1084c 5.82e-01 1.36e-01

Table A.5: Top 100 differentially expressed genes upon exposure to
verapamil MIC50 condition relative to control condition.

A.1.6 Differentially expressed genes upon exposure to ver-
apamil MIC50 condition relative to verapamil MIC10
condition:

Locus Tag logFC FDR
1 MAB_1263 1.13e+00 1.46e-06
2 MAB_4309c 1.18e+00 1.58e-06
3 MAB_3028 8.84e-01 4.98e-06
4 MAB_1262 1.18e+00 1.25e-05
5 MAB_1134c 7.93e-01 1.78e-05
6 MAB_4131 9.24e-01 2.44e-05
7 MAB_3065c 8.82e-01 7.78e-05
8 MAB_3408c 7.23e-01 1.17e-04
9 MAB_3717 9.79e-01 2.21e-04

10 MAB_3716 1.14e+00 2.70e-04
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11 MAB_t5003 -1.29e+00 4.92e-04
12 MAB_2299c 7.58e-01 8.41e-04
13 MAB_2300 8.00e-01 2.19e-03
14 MAB_4132 9.63e-01 3.12e-03
15 MAB_0495c -8.38e-01 6.61e-03
16 MAB_t5031c -7.90e-01 6.86e-03
17 MAB_t5038 -1.09e+00 6.92e-03
18 MAB_1136 8.82e-01 6.92e-03
19 MAB_3901 7.88e-01 8.30e-03
20 MAB_4930 7.10e-01 9.45e-03
21 MAB_3554 -9.04e-01 1.10e-02
22 MAB_4443 7.16e-01 1.25e-02
23 MAB_1135c 9.58e-01 1.34e-02
24 MAB_2594 6.40e-01 1.87e-02
25 MAB_2677c -8.14e-01 2.21e-02
26 MAB_0271 -6.90e-01 2.37e-02
27 MAB_t5015 -1.22e+00 2.45e-02
28 MAB_3086 7.03e-01 2.45e-02
29 MAB_4418 6.19e-01 2.54e-02
30 MAB_t5025c -1.18e+00 2.62e-02
31 MAB_4444 6.49e-01 2.83e-02
32 MAB_0209 -6.34e-01 3.00e-02
33 MAB_2077 -6.52e-01 3.21e-02
34 MAB_2301 5.63e-01 3.29e-02
35 MAB_3886c 5.78e-01 3.52e-02
36 MAB_1144c 5.90e-01 3.82e-02
37 MAB_4531 5.18e-01 4.17e-02
38 MAB_2551 -9.94e-01 4.26e-02
39 MAB_1925 1.02e+00 4.61e-02
40 MAB_3249 -7.65e-01 4.61e-02
41 MAB_4785 5.66e-01 4.93e-02
42 MAB_1024 -7.39e-01 4.93e-02
43 MAB_1528c 6.53e-01 4.96e-02
44 MAB_0214c 6.01e-01 5.13e-02
45 MAB_t5026 -8.14e-01 5.21e-02
46 MAB_4779 -1.10e+00 5.27e-02
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47 MAB_0261 -7.43e-01 5.27e-02
48 MAB_0447c -6.78e-01 5.27e-02
49 MAB_2432c 6.51e-01 6.41e-02
50 MAB_2650 -6.92e-01 6.41e-02
51 MAB_4100c -6.84e-01 6.41e-02
52 MAB_0401 -6.68e-01 6.95e-02
53 MAB_0729c -5.00e-01 6.95e-02
54 MAB_4507 -6.62e-01 7.14e-02
55 MAB_2560 5.81e-01 7.14e-02
56 MAB_0505c -4.99e-01 7.14e-02
57 MAB_3398 8.65e-01 7.23e-02
58 MAB_1226 -4.97e-01 7.23e-02
59 MAB_2653c -5.20e-01 7.30e-02
60 MAB_3023c -7.11e-01 7.31e-02
61 MAB_t5047 -7.23e-01 7.38e-02
62 MAB_0212 -7.58e-01 7.38e-02
63 MAB_3679c -6.66e-01 7.38e-02
64 MAB_3808c -6.96e-01 7.38e-02
65 MAB_3240c -7.11e-01 7.38e-02
66 MAB_4896c 5.45e-01 7.67e-02
67 MAB_0855 -5.05e-01 7.91e-02
68 MAB_0262 -6.01e-01 7.97e-02
69 MAB_0494 -5.69e-01 8.07e-02
70 MAB_t5039c -9.70e-01 8.07e-02
71 MAB_t5028 -1.09e+00 8.07e-02
72 MAB_3876c 7.02e-01 8.07e-02
73 MAB_3008 5.05e-01 8.07e-02
74 MAB_0071c 6.22e-01 8.07e-02
75 MAB_2100 -7.99e-01 8.17e-02
76 MAB_t5009c -9.35e-01 8.21e-02
77 MAB_2945c -7.61e-01 8.48e-02
78 MAB_2323 5.53e-01 8.48e-02
79 MAB_t5022c -1.14e+00 8.82e-02
80 MAB_4636 7.51e-01 8.87e-02
81 MAB_2635c -5.28e-01 9.00e-02
82 MAB_0592c 4.76e-01 9.00e-02
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83 MAB_4902c -5.74e-01 9.00e-02
84 MAB_0334c -8.90e-01 9.00e-02
85 MAB_0025 5.76e-01 9.35e-02
86 MAB_1165 4.68e-01 9.58e-02
87 MAB_2825 -4.87e-01 9.66e-02
88 MAB_0658 -5.25e-01 1.03e-01
89 MAB_4821c -6.32e-01 1.03e-01
90 MAB_2617c -6.18e-01 1.05e-01
91 MAB_0532 -4.49e-01 1.05e-01
92 MAB_3573c -5.82e-01 1.05e-01
93 MAB_1673 -5.52e-01 1.05e-01
94 MAB_0105c -4.52e-01 1.05e-01
95 MAB_0281 -5.54e-01 1.05e-01
96 MAB_3427 8.55e-01 1.05e-01
97 MAB_4408c 5.18e-01 1.05e-01
98 MAB_3134c -9.48e-01 1.05e-01
99 MAB_4115c -4.89e-01 1.05e-01
100 MAB_2134 -6.56e-01 1.05e-01

Table A.6: Top 100 differentially expressed genes upon exposure to
verapamil MIC50 condition relative to verapamil MIC10 condition.

A.1.7 Differentially expressed genes upon exposure to 2,2’
dipyridyl (iron depletion) condition relative to Middle-
brook 7H9 (control) condition:

Locus Tag logFC FDR
1 MAB_4839c 1.05e+01 0.00e+00
2 MAB_2235 9.86e+00 0.00e+00
3 MAB_2269c 7.84e+00 0.00e+00
4 MAB_4783 7.75e+00 0.00e+00
5 MAB_2248 7.49e+00 0.00e+00
6 MAB_0131c 1.06e+01 3.43e-301
7 MAB_2738c 7.20e+00 3.67e-289
8 MAB_2120c 7.08e+00 2.89e-258
9 MAB_2886c 7.56e+00 3.17e-258
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10 MAB_0335 8.34e+00 7.54e-257
11 MAB_2492 6.97e+00 5.13e-251
12 MAB_2261c 6.74e+00 4.99e-250
13 MAB_2249 6.91e+00 8.13e-250
14 MAB_0449 8.92e+00 1.13e-246
15 MAB_4735 9.02e+00 3.50e-238
16 MAB_2119c 6.21e+00 1.91e-236
17 MAB_2122 6.13e+00 5.25e-236
18 MAB_4865 6.58e+00 7.00e-233
19 MAB_4861c 8.84e+00 1.74e-232
20 MAB_0336 8.19e+00 1.04e-230
21 MAB_4864 6.96e+00 2.52e-222
22 MAB_4838c 7.39e+00 2.77e-221
23 MAB_2250 6.67e+00 3.20e-212
24 MAB_2118 7.26e+00 2.54e-208
25 MAB_2565c 7.79e+00 2.67e-207
26 MAB_2256 6.46e+00 2.06e-203
27 MAB_2363 -5.58e+00 1.29e-202
28 MAB_2567 1.04e+01 4.93e-200
29 MAB_4863 7.53e+00 5.71e-199
30 MAB_2254c 7.09e+00 1.50e-193
31 MAB_4663 9.16e+00 4.28e-192
32 MAB_2123 5.56e+00 1.40e-190
33 MAB_4862 7.35e+00 2.29e-190
34 MAB_4664 8.40e+00 2.19e-185
35 MAB_2245 8.21e+00 1.62e-183
36 MAB_2258 5.30e+00 8.15e-181
37 MAB_2124 5.34e+00 5.59e-178
38 MAB_2247c 6.63e+00 1.24e-176
39 MAB_0686 -5.60e+00 2.06e-176
40 MAB_4665c 6.69e+00 8.07e-175
41 MAB_1009c -6.26e+00 5.04e-174
42 MAB_1681 6.85e+00 4.54e-173
43 MAB_4143c 6.53e+00 3.28e-172
44 MAB_2229c 4.61e+00 5.42e-171
45 MAB_4840c 1.06e+01 1.05e-170
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46 MAB_0827 5.91e+00 1.71e-170
47 MAB_1271c 1.08e+01 7.78e-170
48 MAB_1339 6.02e+00 1.39e-169
49 MAB_2739c 5.64e+00 9.22e-169
50 MAB_2604c 5.57e+00 6.00e-168
51 MAB_2232c 4.68e+00 1.22e-166
52 MAB_2255 7.39e+00 5.77e-165
53 MAB_2268c 6.79e+00 6.26e-164
54 MAB_1010c -5.89e+00 4.99e-160
55 MAB_4171c 8.98e+00 5.06e-160
56 MAB_1486c 4.44e+00 1.64e-159
57 MAB_3377 5.01e+00 2.25e-159
58 MAB_0485 5.63e+00 4.27e-159
59 MAB_2257 6.06e+00 3.23e-156
60 MAB_3028 4.55e+00 1.47e-154
61 MAB_1682 7.17e+00 4.68e-154
62 MAB_2246 5.99e+00 7.35e-151
63 MAB_3056c 6.39e+00 1.32e-150
64 MAB_3645 5.99e+00 5.96e-150
65 MAB_2362 -5.10e+00 6.17e-150
66 MAB_1012c -5.38e+00 1.39e-148
67 MAB_1683 7.05e+00 7.23e-147
68 MAB_3984c 6.81e+00 9.21e-147
69 MAB_2416c 7.20e+00 5.31e-144
70 MAB_0470c 9.20e+00 6.73e-144
71 MAB_2262c 7.43e+00 8.22e-144
72 MAB_0168c -4.70e+00 5.92e-143
73 MAB_3786c -4.88e+00 8.60e-142
74 MAB_0331c 6.08e+00 3.17e-140
75 MAB_2603c 5.60e+00 2.69e-139
76 MAB_1011c -5.76e+00 9.27e-139
77 MAB_2230c 4.46e+00 2.89e-138
78 MAB_2566 1.06e+01 5.31e-136
79 MAB_1273 4.99e+00 2.16e-134
80 MAB_4531 3.96e+00 2.72e-134
81 MAB_0462c 4.97e+00 6.88e-134
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82 MAB_2233c 5.75e+00 7.17e-134
83 MAB_3167c -3.71e+00 7.17e-134
84 MAB_1007c -5.13e+00 3.13e-132
85 MAB_2568 9.36e+00 5.71e-132
86 MAB_0883c -3.96e+00 1.08e-131
87 MAB_3639 5.22e+00 3.31e-131
88 MAB_2234c 6.18e+00 2.06e-130
89 MAB_3208c 7.03e+00 7.29e-129
90 MAB_1117c 4.25e+00 3.11e-128
91 MAB_1680 8.04e+00 3.21e-128
92 MAB_1685 6.12e+00 1.44e-126
93 MAB_3493 -6.60e+00 2.15e-126
94 MAB_4232c 4.90e+00 8.32e-126
95 MAB_3055c 6.05e+00 7.02e-125
96 MAB_3016c 6.03e+00 1.44e-124
97 MAB_2211c -5.19e+00 1.48e-123
98 MAB_1224 6.79e+00 4.18e-123
99 MAB_1006c -5.91e+00 2.51e-122
100 MAB_4841 5.10e+00 3.00e-122

Table A.7: Top 100 differentially expressed genes upon exposure to
2,2’ dipyridyl (iron depletion) condition relative to control condition.

A.1.8 Differentially expressed genes upon exposure to TBST
(starvation) condition relative to supplemented (con-
trol) condition:

Locus Tag logFC FDR
1 MAB_4091 1.07e+01 0.00e+00
2 MAB_4092 1.04e+01 0.00e+00
3 MAB_3840 9.83e+00 0.00e+00
4 MAB_4309c 9.60e+00 0.00e+00
5 MAB_4093 9.28e+00 0.00e+00
6 MAB_0516c 7.73e+00 0.00e+00
7 MAB_4090 9.78e+00 4.03e-301
8 MAB_4917c 7.64e+00 1.82e-298
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9 MAB_4916c 7.57e+00 1.04e-277
10 MAB_3521c 6.91e+00 6.67e-262
11 MAB_1263 6.71e+00 1.16e-246
12 MAB_3841 7.38e+00 4.93e-242
13 MAB_4716c 8.25e+00 8.77e-242
14 MAB_1156c 7.72e+00 4.90e-229
15 MAB_3148c 6.57e+00 1.94e-214
16 MAB_2716c 6.84e+00 3.19e-213
17 MAB_3811c -5.46e+00 7.69e-211
18 MAB_4918c 8.22e+00 1.72e-191
19 MAB_0469c 8.20e+00 3.93e-191
20 MAB_3065c 5.85e+00 4.33e-190
21 MAB_4131 5.49e+00 1.75e-177
22 MAB_3816c -5.58e+00 8.30e-168
23 MAB_3522c 6.28e+00 1.62e-166
24 MAB_1262 7.09e+00 7.26e-161
25 MAB_3843 4.09e+00 1.55e-158
26 MAB_3028 4.43e+00 1.82e-150
27 MAB_3714c 4.04e+00 1.29e-148
28 MAB_2635c 4.44e+00 2.33e-146
29 MAB_3814c -5.66e+00 7.97e-146
30 MAB_1264 5.73e+00 2.27e-145
31 MAB_1422c 4.87e+00 7.15e-145
32 MAB_3593 5.47e+00 3.35e-141
33 MAB_2512 4.48e+00 6.17e-140
34 MAB_3717 5.95e+00 1.06e-139
35 MAB_0440 4.13e+00 3.02e-139
36 MAB_3147c 6.13e+00 3.62e-138
37 MAB_4683c 6.10e+00 3.60e-137
38 MAB_2438 5.87e+00 1.81e-136
39 MAB_1060 4.50e+00 7.71e-136
40 MAB_3815c -5.59e+00 4.41e-128
41 MAB_3520c 6.24e+00 3.35e-127
42 MAB_4682c 6.61e+00 1.84e-126
43 MAB_3820c -5.33e+00 3.77e-126
44 MAB_3769c -4.83e+00 7.64e-124
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45 MAB_2827c -3.55e+00 2.50e-123
46 MAB_3100 4.90e+00 4.18e-123
47 MAB_3812c -5.61e+00 8.12e-123
48 MAB_2717c 8.54e+00 1.27e-122
49 MAB_3821c -5.05e+00 1.70e-122
50 MAB_4706c 6.20e+00 2.79e-122
51 MAB_3146c 5.90e+00 1.06e-121
52 MAB_3851c -4.38e+00 1.82e-120
53 MAB_3646c 4.59e+00 8.56e-120
54 MAB_3716 6.69e+00 2.70e-118
55 MAB_2226c -4.76e+00 3.07e-118
56 MAB_4531 3.62e+00 1.56e-117
57 MAB_1453 -4.02e+00 1.02e-116
58 MAB_3253c 4.84e+00 1.34e-116
59 MAB_0276 5.88e+00 1.76e-114
60 MAB_3142c -3.29e+00 4.48e-114
61 MAB_3108c -3.96e+00 2.13e-113
62 MAB_2933c 4.74e+00 1.27e-110
63 MAB_2828c -3.03e+00 2.76e-110
64 MAB_0117c 3.43e+00 5.23e-110
65 MAB_3886c 3.49e+00 7.55e-109
66 MAB_3523c 3.86e+00 3.35e-108
67 MAB_4234c 4.24e+00 4.98e-108
68 MAB_1440c 3.51e+00 1.46e-106
69 MAB_1330 4.53e+00 1.05e-105
70 MAB_4434c 3.60e+00 3.68e-105
71 MAB_3839c 3.76e+00 1.62e-104
72 MAB_4132 3.76e+00 6.34e-104
73 MAB_1659c -3.31e+00 5.95e-103
74 MAB_3782c -3.76e+00 6.84e-103
75 MAB_2722c -3.31e+00 9.15e-103
76 MAB_4233c 4.35e+00 1.37e-102
77 MAB_4899c -4.41e+00 1.91e-102
78 MAB_3850c -4.32e+00 1.96e-102
79 MAB_1513 -4.80e+00 2.27e-102
80 MAB_3107c -5.23e+00 8.24e-102
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81 MAB_3254c 5.07e+00 2.01e-101
82 MAB_0977c 4.62e+00 7.63e-101
83 MAB_1436 -3.24e+00 8.53e-101
84 MAB_0815 5.39e+00 9.49e-101
85 MAB_3842 4.81e+00 1.04e-99
86 MAB_1396 -3.82e+00 1.37e-99
87 MAB_3303c -3.06e+00 2.44e-99
88 MAB_1362 5.46e+00 3.68e-99
89 MAB_1766 4.65e+00 5.85e-99
90 MAB_1660c -3.00e+00 1.46e-98
91 MAB_0183c 5.24e+00 5.91e-98
92 MAB_2335 -3.39e+00 1.60e-97
93 MAB_1947 4.79e+00 2.23e-97
94 MAB_3508c 4.81e+00 4.19e-97
95 MAB_0171 -3.07e+00 5.66e-96
96 MAB_3675 -3.66e+00 6.06e-96
97 MAB_2221 3.13e+00 6.43e-96
98 MAB_1812c 4.25e+00 7.11e-96
99 MAB_4806c 6.55e+00 1.37e-95
100 MAB_4393 3.85e+00 3.53e-95

Table A.8: Top 100 differentially expressed genes upon exposure to
TBST (starvation) condition relative to control condition.


