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Abstract

Streptococcus mutans is an oral pathogen primarily responsible for causing human dental
caries. The pathogenic abilities and cariogenic nature of S. mutans are closely related to its
ability to form biofilms. Carolacton is a newly identified secondary metabolite from the
myxobacteria Sorangium cellulosum causing altered cell morphology and death of
Streptococcus mutans biofilm cells. To unravel key regulators and to uncover the underlying
set of components and interactions comprising the network which mediate the observed
effects of carolacton, the transcriptional regulatory response network of S. mutans biofilms
upon carolacton treatment was constructed and analyzed. To date, reconstruction of a
contextual genome-scale regulatory network has not yet been carried out for S. mutans. This
study presents an attempt towards inferring the transcriptional regulatory network for S.
mutans biofilms in response to the biofilm inhibitor carolacton. A systems biology approach
combining time-resolved transcriptomic data, reverse engineering, transcription factor binding

sites, and experimental validation was carried out.

The co-expression response network constructed from transcriptomic data using the reverse
engineering algorithm - the trend correlation method, was found to consist of 8284 gene-pairs.
The regulatory response network inferred by incorporating transcription factor binding site
information into the co-expression network comprised 329 putative transcription factor-target
gene relationships and could be classified into 27 sub-networks each regulated by a
transcription factor. The sub-networks were observed to be enriched with genes sharing
common functions thus lending biological meaning to the reconstructed regulatory network.
The regulatory response network also displayed a hierarchy, albeit a double layered one, with
respect to its global topology. Hierarchical organization has been known to be an important
characteristic of regulatory networks. In addition, local network motifs which have previously
been observed in the networks of model organisms like E. coli and B. subtilis could be

identified within the S. mutans regulatory response network.

Sub-networks regulated by the pyrimidine biosynthesis regulator PyrR, the glutamine
synthetase repressor GInR, the cysteine metabolism regulator CysR, the global regulators
CcpA and CodY and the two component system response regulators VicR and MbrC were
found to be most related to the physiological effect of carolacton. The predicted interactions

from the regulatory network between MbrC, which is known to play a role in the cell wall
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stress response mechanism in S. mutans, and the murMN-SMU_718c genes encoding
peptidoglycan biosynthetic enzymes were experimentally confirmed using Electro Mobility
Shift Assays in cooperation with collaboratoring partners. Furthermore, deletion mutants of
five key regulators predicted from the response networks were constructed and their
sensitivities towards carolacton were investigated. Deletion of cysR, the node having the
highest connectivity among the regulators chosen from the regulatory network, resulted in a
mutant which was insensitive to carolacton, thus demonstrating not only the essentiality of
cysR for the response of S. mutans biofilms to carolacton but also the relevance of the

predicted network.

The network approach used in this study revealed important regulators and interactions as part
of the response mechanisms of S. mutans biofilm cells to carolacton. It also opens a door for

further studies into novel streptococcal drug targets.
Keywords

Streptococcus mutans; Caries; Biofilm inhibitor; Carolacton; Transcriptome; Reverse

engineering; Transcriptional regulatory network; Key regulators; Network verification.
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Zusammenfassung

Streptococcus mutans ist ein oraler Krankheitserreger, der fiir die Entstehung des Zahnkaries
bei Menschen verantwortlich ist. Die pathogenen Eigenschaften - unter anderen die
Kariogenitit - von S. mutans sind eng mit seiner Fihigkeit zur Biofilmbildung verbunden.
Carolacton ist ein neu identifizierter Sekunddrmetabolit von dem Myxobakterium Sorangium
cellulosum und zeigt eine inhibierende Wirkung auf das Wachstum des Biofilms von S.
mutans, die sich durch verinderte Zellmorphologie und geschiddigte Membran offenbart. Um
den Wirkungsmechanismus von Carolacton zu verstehen sowie die zugrunde liegende
Regulation der Genexpression in S. mutans aufzudecken, wurde in dieser Arbeit das
regulatorische Netzwerk der Genexpression in Biofilmzellen von S. mutans anhand der Daten
aus einer ,,time-series* Transkriptomanalyse rekonstruiert und analysiert. Da eine genomweite
Rekonstruktion von regulatorischen Netzwerken fiir S. mutans bisher noch nicht durchgefiihrt
wurde, stellt diese Arbeit einen ersten Versuch dar, ein regulatorisches
Transkriptionsnetzwerk des S. mutans-Biofilms in Bezug auf die inhibierende Wirkung von
Carolacton zu konstruieren. Ein systembiologischer Ansatz wurde angewendet, um mittels
Reverse Engineering aus den zeitaufgelosten Transkriptom-Daten in Kombination mit
Kenntnissen/Daten  iiber  Transkriptionsfaktor-Bindungsmotifs sowie experimentelle
Validierungen die angestrebte Konstruktion des regulatorischen Transkriptionsnetzwerks zu

realisieren.

Zuerst wurde aus den experimentellen Transkriptom-Daten durch Reverse Engineering ein
Koexpressionsnetzwerk, das 8284 ko-exprimierten Gen-Paare beinhaltet, erstellt. Durch die
Integration der Transkriptionsfaktor-Bindungsmotifdaten wurde dann das regulatorische
Transkriptionsnetzwerk konstruiert. Dieses regulatorische Netzwerk umfasst 329 putative
Transkriptionsfaktor-Targetgen-Beziehungen und kann in 27 Teilnetzwerke eingeteilt werden.
Die Teilnetzwerke wurden jeweils durch einen Transkriptionsfaktor reguliert und mit Genen
angereichert, die biologisch funktionsrelevant sind. Das regulatorische Netzwerk zeigte auch
eine hierarchische Struktur in Bezug auf seine globale Topologie. Hierarchische Organisation
ist ein wichtiges Merkmal eines regulatorischen Netzwerkes. Lokale Netzwerkmotifs, die
bereits in regulatorischen Netzwerken von Modellorganismen, wie z.B. E. coli und Bacillus
subtilis beobachtet wurden, konnten auch in diesem regulatorische Netzwerk von S. mutans

identifiziert werden.
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Es wurde festgestellt, dass die Teilnetzwerke, die von dem Pyrimidinbiosynthese-
Transkriptionsregulator PyrR, dem Glutaminsynthetase-Repressor GInR, dem regulatorischen
Protein des Cysteinstoffwechsels CysR sowie den globalen Transkriptionsregulatoren CcpA
und CodY wund den Regulatoren VicR und MbrC aus Zwei-Komponenten-
Signaliibertragungssystemen reguliert wurden, im engsten Zusammenhang mit der
physiologischen Wirkung von Carolacton stehen. Basierend auf dem konstruierten
regulatorischen Netzwerk wurden unten anderen Wechselwirkungen zwischen MbrC, ein
Transkriptionsregulator bekannt fiir  seine Rolle in dem Zellwand-Stress-Antwort-
Mechanismus von S. mutans und den Peptidoglycan-Biosynthese-Enzyme codieren Genen
murMN-SMU_718c vorhergesagt. Dies wurde dann experimentell durch elektrophoretische
Mobilititsanalyse in Zusammenarbeit mit dem Projektpartner bestitigt. Auferdem wurden
Deletionsmutanten von fiinf préadiktierten Schliisselregulatoren konstruiert und ihre
Sensitivitit gegeniiber Carolacton untersucht. Die Deletion des Transkriptionsregulators cysR,
der die hochste Konnektivitit unter den identifizierten regulatorischen Netzwerkknoten
aufwies, fiihrte zu einem Mutant, auf den Carolacton keine Wirkung mehr zeigte. Dieses
Ergebnis demonstriert nicht nur die Wichtigkeit von cysR fur die Reaktion von S. mutans
Biofilmzellen auf Carolacton, sondern auch die Priadiktionsvermogen des rekonstruierten

regulatorischen Transkriptionsnetzwerks.

Der Ansatz dieser Arbeit fithrte zu der Enthiillung wichtiger Transkriptionsregulatoren und
regulatorischer Interaktionen, die zu einem besseren Verstindnis des Reaktionsmechanismus
von S. mutans Biofilmzellen auf die Wirkung von Carolacton beitrug. Zudem konnen die
entwickelten Methoden in Zukunft fiir weitere Studien mit neuen Wirkstoffen gegen

Streptokokken angewendet werden.
Keywords

Streptococcus mutans; Karies; Biofilm-Inhibitor; Carolacton; Transkriptom; Reverse
Engineering;  Transkriptionsregulationsnetzwerk;  Schliisselregulator;  Experimentelle

Verifikation
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Chapter 1. Introduction and aims of the thesis

Chapter 1. Introduction and aims of the thesis

1.1 Background and Problem Definition

Streptococcus mutans is an oral pathogen which, along with other closely related streptococci
called the mutans streptococci, plays an important role in the formation of caries and tooth
decay in humans. S. mutans is highly efficient in eroding the dental enamel and this is
attributed to its ability to form biofilms which are generally difficult or impossible to
eradicate by antibiotic therapy, because biofilm cells are resistant to antibiotics [1, 2] even if
their planktonic form remains susceptible. This is in part due to the barrier effect of the
polysaccharide matrix, but more importantly due to the profound genetic and metabolic
adaptations of the cells to the sessile mode of growth [2, 3]. In addition, the high cell densities
within the biofilms enhance the effect of quorum sensing, which lends new pathogenic and
survival capabilities [4]. Besides the oral niche, S. mutans can also form biofilms on
numerous internal surfaces such as implants, heart valves etc in the human body [5]. The
occurrence of a series of synergistic effects within biofilms creates favourable conditions for

caries-related pathogenesis and implant-related infections.

Recently, it was shown that carolacton, a secondary metabolite from the myxobacterial
species Sorangium cellulosum has a high inhibitory activity against actively growing S.
mutans biofilm cells, resulting in changes in cell morphology, elongation of cell chains,
membrane damage and death of a part of the population [6]. Carolacton was also found to
induce a dose dependent damage of S. mutans biofilms over a wide concentration range
resembling a sigmoid dose response curve [6]. The chemical structure of carolacton was
elucidated [7] and a de novo chemical synthesis recently published [8]. Carolacton inhibits S.
mutans biofilms even at nanomolecular concentrations [6] implying that it primarily targets

molecular entities which are present only as a few copies per cell. In this regard, carolacton is

1



Chapter 1. Introduction and aims of the thesis

very similar to compounds which target cellular signaling networks [9] rather than directly
targeting functional enzymes in specific pathways associated with vital processes such as

protein, DNA/RNA synthesis, cell division etc.

To decipher the genes whose expression is affected by carolacton, a time resolved
transcriptome analysis of S. mutans biofilms after carolacton treatment was carried out by
Reck et al [10]. Results from the study indicate that carolacton affects expression of genes
related to biofilm formation, autolysis, pyrimidine and histidine metabolism, cell shape and
cell division in addition to two component systems (TCSs) [10]. Even though the
physiological and genetic responses of carolacton-treated S. mutans biofilm cells are known,
the underlying network which orchestrates the expression of affected genes in response to
carolacton still remains a mystery. This calls for an effort to uncover the effect of carolacton

at the network level.

Biological networks fundamentally represent interactions or relationshsips in biological
systems and can be represented in a graphical form for interpretation. In such graphic
representations, edges normally denote the relationship(s) between the nodes or components
(e.g. genes, proteins or metabolites) they connect. In the field of network biology, reverse
engineering stands for the inference of biological networks from experimental data, such as
datasets containing the expression profiles of the components in response to certain stimuli or
a certain defined or undefined environment. The most predominant application of reverse
engineering currently has been the inference of genetic co-expression networks from gene
expression data, which are measured most commonly using cDNA microarrays or by RNA
sequencing. A plethora of reverse engineering algorithms and methods has been developed for
the reconstruction and inference of genetic co-expression networks from gene expression
data. Excellent reviews about genetic network reconstruction from expression data have been

published [11, 12].



Chapter 1. Introduction and aims of the thesis

In order to capture the network level events of biological systems upon exposure to various
stimuli, reverse engineering methods have been developed to infer underlying networks from
time series expression data, although static data has also been utilized. For instance, stress
response networks of Mycobacterium tuberculosis after treatment with various drugs such as
cerulenin, chlorpromazine, ethionamide, ofloxacin, thiolactomycin and triclosan were
constructed from single time-point condition-to-condition measurements to delineate the

differences between generic stress and specific drug responses [13].

In contrast, methods such as Time Series Network Identification (TSNI) were used for
inferring co-expression networks and compound mode of action from time series gene
expression data following interventions [14]. Although the inferred co-expression network
using TSNI involved only a small subset of nine genes of the E.coli DNA-damage response
pathway, it is seen as one of the first attempts in network reconstruction for determining the
compound mode of action from a time series transcriptome. Further tools and algorithms were
also developed to deal with whole genome network inference [15, 16], but the edges
(representing relationships between genes) in such inferred co-expression networks were
either undirected (no assigned causality) or carry only a statistical and/or theoretical
probability of causality. Despite lacking directionality, undirected co-expression networks
have nevertheless been used to infer critical genes and components involved in specific

biological processes [17].

Even though genetic networks have been inferred under drug treatment conditions for some
organisms, most of them have either been limited to compounds and molecules whose targets
and mode of action were already known and/or limited to model organisms and certain human
cell lines. Reconstruction of a contextual genome-scale regulatory network for the human
caries pathogen S. mutans has not yet been carried out, although studies focusing on genome-
wide transcriptional profiling have been reported [10, 18-21]. In this thesis, a workflow based

3



Chapter 1. Introduction and aims of the thesis

on a combinatorial strategy was executed in an attempt to infer a genome wide co-expression
network for S. mutans biofilms under conditions of treatment with the biofilm inhibitor
carolacton. Although Reck et al [10] have already measured the temporal progression of the S.
mutans transcriptome in response to carolacton, their dataset is characterized by a small
number of sampling points (five) and large time intervals, which does not allow for a reliable
network inference. Hence, an extended time-series transcriptome was carried out
encompassing a higher number of sampling points with relatively short time intervals. The
trend correlation method [22] which has been used to infer genetic networks of T-cells [17]
was used for inferring the co-expression network under carolacton treatment conditions. This
was followed by the construction of a transcriptional regulatory response network (TRRN) by

incorporating transcription factor binding site information.

1.2 Aims of the thesis

In contrast to traditional biological research focused on a few singled-out components,
systems biology offers a new model of understanding biological systems from a holistic point
of view. While previous models of biological research were primarily based on isolated parts,
modern approaches are pinned on the premises of integration, connectedness and viewing the
system as more than the mere sum of its composite parts. In this regard, the role(s) of genes
and regulators in biological systems is/are attributed to their purported activities within the
context of a vast network of interactions and components across different levels of
organization. Thus, a phenotypic or physiological response is the cumulative result of many

genes, their products and interactions among them at a systemic level.

Hence, to capture the true state and/or the underlying compendium of interactions of a
biological system in transition or responding to any kind of chemical, biological or
mechanical stimuli, information about multiple components across different levels of

organization is warranted. System level analyses of biological effects and responses include
4
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the integration of both static and dynamic information from various levels of cellular
organization: genome, transcriptome, proteome and beyond. There exist two overarching
approaches for the inference of network level responses: the first a top-down data driven
approach and the second a bottom-up knowledge driven approach. While the latter offers a
strategy to carry out detailed modeling of small scale networks involving components already
known to play a role in eliciting the phenotypic response, the former approach is usually taken
up in cases where there is a general lack of information about the exact components involved

in the phenotypic response under study.

Carolacton is a secondary metabolite and shown to be an inhibitor of biofilms of the human
dental pathogen S. mutans. The key regulators and genes which modulate the processes and
mechanisms involved in the response of S. mutans biofilms to carolacton are not clearly
known. The main aim of the thesis is to identify from the network inferred using a top down
approach the key genes and regulators which mediate the response of S mutans biofilms to

carolacton. The corresponding results from this work have also been published [380].

This thesis is based on the core results from a work-package within the BMBF financed
project BioInSys (“Development of biofilm inhibitors using a systems biology approach”) and
implemented under the Medical Systems Biology flagship programme of the BMBF —
MedSys. Specifically, the work-package and the thesis deals with the reconstruction of the
transcriptional regulatory response network of S. mutans biofilms in response to carolacton.
The transcriptional regulatory response network was reconstructed by integrating gene-gene
associations derived from dynamic gene expression data using a reverse engineering
algorithm and binding motif information. This was followed by the identification and
verification of key regulators and regulatory relationships (from the inferred network) which

mediate the response to carolacton.
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2.1 Streptococcus mutans: a human dental pathogen

2.1.1 Genome

The first sequenced genome of S. mutans is the strain UA159. Published in 2002, this genome
consists of 2,030,936 base pairs comprising 1963 open reading frames (ORFs) with an
average GC content of 38% [23]. 63% of the ORFs have been assigned putative functions
based on homology predictions while the remaining has not been assigned any known
functions [23]. While 21% of the predicted ORFs have homologs from different species, 16%
were found to be exclusive to S. mutans [23]. Since then, more strains (for example, the
serotype ¢ strain NN2025, the serotype k strain LJ23) have been isolated and sequenced [24-
27]. Comparison of the sequenced strains LJ23, UA159 and NN2025 by BLASTP alignment
have revealed strain-specific ORFs, although most of the protein-coding genes were found to

be common among the strains [26].

Genome rearrangements among the strains as well as the possibility of horizontal gene
transfer from closely related species such as Streptococcus pneumoniae have also been
suggested [26]. Large genomic inversions possibly leading to genome plasticity and creating
new genetic pools was also observed in a comparative analysis study between the two
serotype c strains UA159 and NN2025 [27]. A recent sequencing and comparitive genome
analysis of six clinical isolates of S. mutans has revealed significant divergences with respect

to metabolic pathways and virulence genes [25].
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2.1.2 Pathogenicity and virulence characteristics

The ability of S. mutans as the primary causative agent of human dental caries [28] to inflict
oral caries (cariogenicity) is attributed to its biofilm forming capacity as well as a host of
other factors (Figure 1) such as metabolic adaptation to different nutrient sources, production
of adhesion molecules, acidogenicity (the ability to produce acid which erodes the enamel),
aciduricity (the ability to withstand the low pH/high acidic microenvironment), quorum
sensing, and genetic competence [3, 29]. Besides, its perfect adaptation to stressful conditions
such as sporadic changes in pH, oxygen tension as well as the osmolality are tightly linked to
its virulence and pathogenicity [3, 29]. Furthermore, it can compete with other oral species for

survival [30-32].

2.1.2.1 Biofilm formation and adhesion

Although the virulent nature leading to the cariogenicity of S. mutans is due to a variety of
factors, the most important of these is thought to be its ability to form biofilms [33, 34].
Moreover, biofilms serve to enhance synergistic effects by creating favourable environments
such as protection from the host immune response, allowing the cells to remain in an area
with an abundant supply of nutrients, and providing nutritional niches for different syntrophic
bacteria thus promoting symbiosis [33, 35-37]. It is also known that the induction of
competence among the bacterial cells in biofilms could exploit the large amount of free DNA
which has been found in biofilms and thus increasing the possibility of the occurrence of
beneficial mutations [38]. In addition, the high cell densities within the biofilms enhance the
effect of quorum sensing, which lends new pathogenic and survival capabilities [4, 33, 39,
40]. Metabolic differences among the biofilm cells contribute to the resistance to anti-

microbials as biofilm cells exist in a low metabolic state [2, 41, 42].
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Figure 1. A graphical summary of the virulence attributes of S. mutans.

Besides the above mentioned advantageous properties of biofilms, other beneficial traits also
include the occurrence of a population of dormant cells, transfer of antibiotic-resistance genes
among strains and selection of resistance offering genes [43-45]. Biofilms, which form as a
result of a series of complex interactions between proteins, glycoproteins, carbohydrates etc
become difficult or impossible to eradicate by antibiotic therapy because cells within the

biofilm become resistant to antibiotics even if their planktonic form remains susceptible [1,

The formation of biofilms is preceeded by the anchoring of S. mutans cells to the human oral

cavity. This process is mediated by many proteins, many of them with post-translational
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modifications. These proteins help in the attachment of the cells or clusters of cells to any
available surface as well as the salivary components in the human oral cavity [46-48]. S.
mutans adheres to the tooth surface via both sucrose-dependent and sucrose-independent
mechanisms, of which the former, upon consumption of sucrose, results in the rapid
accumulation of S. mutans cells among the mixed oral population consisting of other
colonizers as well [49, 50]. The binding of individual S. mutans cells and/or their colonies
involve cell surface adhesion proteins such as surface antigen P1 or SpaP [51] which binds to
salivary glycoproteins [52]. Yet another important adhesion protein is the cell wall associated
protein WapA which is repressed in the presence of sucrose thus suggesting that it may equip
S. mutans with the ability to bind to existing biofilms even without sucrose or glucan [53]. A
critical process which enables S. mutans to form robust biofilms [54] and becoming
cariogenic [55] is glucan production which occurs by the splitting and conversion of sucrose
mediated by enzymes such as glucosyltransferases. The genome of S. mutans UA159 codes
three glucosyltransferases namely GtfB, GtfC [56, 57] and GtfD [58] of which the first two
are involved in the biosynthesis of water-insoluble glucan with alphal-3 glycosidic linkages

while GtfD produces glucan molecules with alphal-6 glycosidic linkages [58].

Besides the glucan-producing glucosyltransferases, there has been an increasing body of
evidence pointing to the occurrence of receptors responsible for glucan binding in S. mutans.
These were called glucan binding protein A [59, 60], glucan binding protein B [61, 62],
glucan binding protein C [63], and glucan binding protein D [64] which are known to play

roles in adhesion [65], cell wall synthesis/cell division [62] and aggregation [64].

2.1.2.2 Acidogenicity, uptake and utilization of carbohydrates

The genome of S. mutans UA159 codes for a series of interconnected biological processes and
metabolic pathways which are dedicated to its virulence-causing acidogenicity [23]. An

example of this is its capacity to utilize a variety of sugars to produce large amounts of acids
9
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which erode the dental enamel thus initiating progressive tooth decay. The genome of S.
mutans UA159 possesses, in addition to dedicated specific ATP binding cassette transporter
complexes specific to various moieties such as amino acids, alcohols and sugars, a series of

phosphotransferase systems (PTSs) [23].

PTSs in S. mutans co-ordinate both the signaling and transportation activities of nutrient
stress response mechanisms by importing sugars into the cell according to the nutritional state
of the infection niche [66-70] since the oral cavity is subject to constant fluctuations of feast
and famine. Among the S. mutans UA159 PTSs, some are annotated either to be specific to a
certain sugar or shown to have a broad range of sugar uptake specificities [23, 67]. Besides
the transport of sugar molecules, PTSs have also been reported to modulate many other
characteristics in S. mutans such as carbohydrate catabolite repression, expression of
virulence factors such as glucosyltransferases, production of exopolysaccharides, fructan
hydrolase expression, biofilm formation, ability to be transformed with exogenous DNA, and
energy metabolism [71, 72]. In addition to PTS, S. mutans also transports sugars using non-

PTS based uptake systems [73].

2.1.2.3 Acid tolerance

Various mechanisms attributed to multiple metabolic pathways and acid homeostasis are
thought to be important for the aciduricity of S. mutans. Four different acid homeostatic
mechanisms have so far been identified in S. mutans, all of which function to maintain a
cytoplasmic pH that is more alkaline than the extracellular environment. While the
membrane-bound F1F0-ATPase, which functions by extruding protons from the intracellular
environment, is considered to the primary determinant of S. mutans acid tolerance [29, 74],
other mechanisms such as the agmatine deiminase (AgDS) [75], glutamine-glutamate [76, 77]
malolactic fermentation as well as the citrate pathway [78-80] related to the glutamine

metabolism [76], also contribute to acid tolerance and pH homeostasis. It was observed that
10
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the F1FO-ATPase and the agmatine deiminase (AgDS) acid tolerance systems also generated
ATP molecules while extruding H+ ions out of the cytoplasm into the extracellular medium
[75, 79, 80]. This mode of ATP generation could serve as a good energy source for cellular
growth and maintenance when the cell is trying to battle acid production by activating acid

tolerance eliciting pathways.

2.1.2.4 Signalling mechanisms

Signalling is considered to be an important element of survival and adaptation in bacteria as
well as many other organisms. In addition to facilitating responses involved in house-keeping,
they also integrate stress reception and response. However, S. mutans lacks prevalent bacterial
sensing mechanisms such as alternative sigma factors for co-ordinating gene expression in
response to various stress and stimuli [3, 23]. To overcome this, S. mutans has evolved by
integrating signalling mechanisms into the general metabolic adaptation responses as well as
its virulence modulation [3, 23] as evidenced by the documented functions of two component
systems (TCSs) [39, 81-86]. In fact, TCSs comprise the major signal transduction components

in bacteria in addition to PTSs.

While PTSs are involved in sensing and responding to sugars as well as their transportation,
TCSs encompass a wide variety of functions. Moreover, the conspicuous absence of TCS
proteins in mammalian genomes makes them interesting potential targets for the development
of novel anti-bacterial drugs. Two component systems, as suggested by the name itself, are
generally comprised of two classes of protein components namely the histidine kinases (HKs)
and response regulators (RRs) whose encoding genes usually lie within the same operon. HKs
are transmembrane sensors which upon sensing extrinsic or intrinsic signals are
autophosphorylated at their conserved histidine residue (His) following which the phosphoryl

group is then transferred to the aspartate (Asp) residue of the cognate response regulator.

11
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Activated RRs then bind directly to DNA to modulate the expression of genes whose products

function in the physiological response to the perceived signals [87-89].

14 TCSs were reported in the first sequenced strain S. mutans UA159 although strain specific
differences and similarities were also observed with respect to the TCS constituents [24]. In
addition, an orphan response regulator without a cognate histidine kinase signal receptor was
identified and found to play a role in pH homeostasis, glucan metabolism and adherence [90,
91, 92, 93]. TCSs in S. mutans have been reported to modulate the response to a wide variety
of stresses including oxidative stress oxidative stress [94], acid stress [86], and cell envelope
stress [95] in addition to influencing multiple virulence characteristics such as biofilm
formation [96], competence [96, 97], autolysin production [98], glucan [96] and fructan
metabolism [96], bacteriocin production and resistance [99], alarmone synthesis [83, 100] and
quorum sensing [101].. Apart from TCSs, other mechanisms especially those involving the
serine-threonine class of signal transduction components have also recently been identified in
S. mutans and reported to modulate virulence characteristics such as competence
development, bacteriocin production, cell wall metabolism, biofilm formation and acid

resistance [102, 103].

2.1.2.5 Modulation of stress response

The S. mutans cells in the established and colonized biofilms are exposed to a variety of
environmental and intrinsic stresses, all of which have led S. mutans to evolve primarily into a
niche specific pathogen specialized in residing in the human oral cavity [104]. Besides acid
stress, S. mutans is also exposed to other extrinsic and intrinsic stresses some of which include
those which are imposed upon by host immune responses, nutritional deficiencies and
fluctuations in the oral cavity, internal and inherent metabolic by-products, scarcity of
micronutrients like calcium, cell wall damage, and damage to macromolecules such as

proteins and DNA [3].
12
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The immune response from the host is usually mediated via the production of oxidative
radicals like hydrogen peroxide, and superoxide radicals [105]. Besides, a variety of other
metabolic end products can result in oxidative stress and sporadic changes and deviations of
the redox balance [105]. This can potentially inflict damage on components like enzymes,
proteins, and affect the electron transport and energy metabolism leading to bacterial cell
death [106]. S. mutans has evolved mechanisms for responding to such oxidative stresses by
integrating stress signaling mechanisms with a variety of processes which neutralize and
reduce the damaging effects of free oxidative radicals. One of the recently discovered players
in oxidative stress response is the two component system VicKR [94]. The histidine kinase
VicK of this TCS cluster harbors a domain belonging to the PAS domain family whose
members are involved in the sensing oxygen tension, cellular redox state, or light intensity
[107]. Interestingly, the VicKR system has also been implicated in the modulation of acid
tolerance, competence, biofilm formation and cell envelope stress as well [96, 108]. This
system regulates the expression of cell surface structure proteins such as glucosyltransferases,
glucan binding proteins and fructosyltransferases [96]. Available evidence points to the fact
that antibiotics such as vancomycin and polymixin which target the cell envelope also induced
vicKR expression [109]. This gives further support to the notion that the VicKR system is
involved in sensing bacterial cell-surface stress. Given the fact that the VicKR system
controls the response to oxidative and cell envelope stress, it is interesting to know the
relation between oxidative stress and formation of biofilms in S. mutans. Evidence from other
bacterial species suggests that there is a definitive relation between oxidative stress and
biofilm formation [110] since genes related to oxidative stress response were found to be

differentially modulated during biofilm formation [111].

The modifications and alternations leading to the maintenance of the cell envelope and its

components is thought to be an important contributor to biofilm formation since the cell

13
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envelope harbors a variety of virulence factors such as glucosyltransferases and
fructosyltransferases and also contributes to rendering protection against a variety of stresses
[40]. In addition to the VicKR system, other TCSs such as the competence related ComDE
[86], CiaRH [85, 112, 113], LiaRS [109, 114, 115], and BceRS [95] have also been
implicated in either directly or indirectly modulating cell envelope stress. Reports point to the
involvement of the LiaRS system not only in biofilm formation and responding to cell
envelope stress but also in modulating the expression of genes which are involved in
maintaining cell wall integrity [109, 115]. Recently, it was also demonstrated that the
expression of the vicKR system is controlled by the LiaSR system [109] thus suggestive of
possible hierarchies and cross-talk mechanisms between the TCSs. This could possibly be due
to the co-ordinated responses which S. mutans might have to resort to for combating multiple

stresses.

Nutritional scarcity and lack of energy sources is a commonly occurring type of stress to
which S. mutans is exposed to in the human oral cavity due to the constant circulation of
saliva and flushing. This places great importance on the adaptation of S. mutans to extreme
conditions of nutritional famine during non meal times and excess during meal times [28,
116]. The requirement of S. mutans of carbohydrates for the formation of biofilms, the
presence of an incomplete TCA cycle and the lack of an electron transport chain forces S.
mutans to rely on and utilize dietary carbohydrates from the host. Furthermore, the sensing,
uptake and metabolism of limiting sources such as sugars, carbohydrates etc have also to be
co-ordinated so as to maintain constant supply of energy during famine as well as to ensure
that there is a minimal fall-out/effect of harmful by-products as a result of rapid metabolism
during times of feasting. Several mechanisms have been reported in S. mutans by which it
manages to streamline the process of sugar and carbohydrate acquisition and metabolism.

Energy metabolism is also modulated by the action of various enzymes such as lactate

14
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oxidases [117, 118] which have been found to be non-ubiquitous and uniquely present in
some genomes as observed in an in-silico analyses of six newly sequenced S. mutans strains

[25]. This observation was also verified by PCR experiments [25].

The LevRS TCS forms part of a four-component system LevQRST which controls and sugar
transport in S. mutans by modulating the expression of a PTS encoded by the levDEFG
operon capable of transporting both fructose and mannose [119]. The LevQRST four
component system along with the LevDEFG PTS it regulates, forms a potent and efficient
mechanistic module which can not only sense (via LevQT) the extracellular concentration of
fructose sugar but also activate a transport system (levDEFG) via the signal transfer mediated
by the LevRS TCS. The LevQRST system was also reported to be involved as an activator of
the gene encoding the fructan hydrolase enzyme [119] which cleaves fructose from inulin,
and sucrose and raffinose from fructans [120]. In short, the fructan hydrolase enzyme helps in
utilization of the extracellular polysaccharide stores. It was demonstrated that the fruA gene
product plays a critical role in the cariogenicity of S. mutans indicating that the capacity of S.
mutans to utilize exogenous fructans lengthens the time of exposure of host tissues to acids
which are subsequently produced from the broken down and uptaken sugar monomers [121].
Thus via control of the levDEFG PTS as well as fructan hydrolase, the LevQRST system
ensures that following the detection by the LevQT gene products, fructose sugar is taken in
while the fructan hydrolase cleaves and releases the extracellular stores of sugar polymers for

further consumption and acid production [119].

In addition to the fructan-specific levQRST-levDEFG-fruA response module, other global
regulators such as CcpA (carbon catabolite repression protein) [71] and CodY [122] were also
reported to be involved in managing nutritional stress. In S. mutans, CcpA has been shown to

mediate global transcription of genes upon exposure to carbohydrates and upon being
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knocked out, the mutant was observed to be acid resistant relative to the wild type [71].
Furthermore, the ccpA mutant was also found to be impaired with respect to its ability to
transport and grow on sugars [71]. CcpA has been known to play major roles in carbohydrate
uptake and metabolism in many other species of bacteria [123-127]. Experiments also support
the possibility that there are redundancies in the systems responsible for carbon catabolite
repression [71]. It was also shown that CcpA is required for the expression of fructan and
glucan metabolizing enzymes fructosyltransferase (ftf) and glucosyltransferases (gtfB) [71].
Meanwhile CodY functions by helping S. mutans to adapt to nutritional stress by modulating
amino acid metabolism namely the branched chain amino acids. CodY was also shown to be
required for two key virulence properties of S. mutans namely acid tolerance and biofilm
formation [122]. Taken together, the involvement of both global as well as specific regulators
for sensing nutritional stress and co-ordinating nutritional stress responses is an indication of

the importance of managing nutritional scarcity in the oral niche for S.mutans.

Different types of stress induce a lot of damage on the macromolecules such as DNA, proteins
etc of S.mutans. Various mechanisms which respond to repair and restoration of damaged
macromolecules were uncovered in response to different kinds of stress. Of note is the
indispensable nature of the DnaK and GroEL proteins as evidenced by the study conducted by
Lemos et al in which an imposed reduction of DnaK production resulted in a weakened ability
to form biofilms as well as higher sensitivities to hydrogen peroxide, low pH and increased
temperatures [128]. Other proteins such as the trigger factor RopA [129] and the surface
associated protease HtrA [130] which are associated with post-translational modifications
involving protein repair and alterations were also linked to virulence characteristics of S.
mutans. Similarly genes and proteins belonging to DNA damage response pathways could be

linked to stress response mechanisms [131].
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2.1.2.6 Quorum sensing

The ability of S. mutans to form biofilms is considered as one of its most important virulence
factors and is regulated by multiple systems. The most predominant among them is the
density dependent signaling system termed as quorum sensing [132, 133], the core of which is
the ComDE two component system [101, 134]. The phenomenon of quorum sensing enables
bacteria to act collectively and this attribute of co-ordinated action modulates the expression
of many of their virulence characteristics (such as biofilm formation, colonization, defense
against possible competitor species, and adaptation to dynamic environments) when a certain
threshold with respect to their local cell densities is attained [132, 133]. This is made possible
via the production of signaling molecules (such as competence stimulating peptide (CSP) in
the case of S. mutans) in the microenvironment and whose concentration is directly
proportional to the cell density [40]. The detection of the signaling molecule CSP is mediated
via the histidine kinase ComD of the ComDE two component system after which ComD is
autophosphorylated. The phosphoryl group is then relayed to the response regulator ComE
whose DNA binding capacity is subsequently altered upon phosphorylation. Thus CSP
production and signaling triggers a series of downstream events which result in the
modulation of genes responsible for various virulence phenotypes such as the well known

acid tolerance response to biofilm formation [86].

Expression analysis using isogenic mutant derivatives deficient in the comD or comE or
comC genes showed that the ComDE TCS had a positive regulatory effect on the expression
of the genes coding for fructosyltransferase and glucosyltransferases [40]. It was also
demonstrated that addition of CSP also upregulated the expression of the glucosyltransferase
coding genes [40]. Some of the other virulence attributes which are regulated by the quorum
sensing system in S. mutans include genetic transformation [101], and bacteriocin production

[101, 134-136]. It was also observed that the QS system in S. mutans was found to be non-
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responsive when exposed to foreign CSP (namely of Streptococcus intermedius) thus pointing

to its plausible specificity [137].

Taken together, it can be stated that the stress response pathways and processes in S. mutans
are integrated into the virulence mechanisms and hence the stress response regulon could be
responsible for modulating wide-ranging biological functions when compared to other
organisms and pathogens with larger and complex genomes [3, 23]. This could be due to the
streamlined genome which S. mutans has evolved to have so as to develop into a specific

pathogen with a specific niche — the human oral cavity.
2.2 Biological networks

2.2.1 Network definitions

Biological networks are graph based representations of biological systems to depict systemic
components and the interactions among them. Generally, the interacting components are
represented in biological networks by nodes and the interactions themselves by edges or
linkages (Figure 2). Nodes usually depict components such as genes, proteins, metabolites,
RNAs etc. The descriptions of the nodes vary according to the type of the biological network:
in homologous networks such as co-expression and transcriptional regulatory networks
(TRNs) [138], nodes denote genes; and nodes denote proteins in protein-protein interaction
networks (PPIs) [139-141]. In heterogeneous networks such as metabolic networks [142],
nodes could represent enzymatic components or small molecules such as metabolites and
ligands. A linkage or an edge between two nodes meanwhile indicates a possible relationship
between the components represented by the nodes. Edges may also carry attributes which
indicate other lines of evidence such as mode of regulation (positive or negative), degree or

strength of interaction etc.
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Figure 2. A simple graph-based representation of a biological network. Ellipsoids
represent nodes which denote components (genes, proteins etc) of the network whereas
the edges (connecting the nodes) denote linkages representing relationships between the
nodes.

2.2.2 Classification of biological networks

2.2.2.1 Network classification according to linkage types

Biological networks can in general be classified based on types of linkages. A linkage can
either be an experimentally determined physical relationship (termed herein as an interaction)

or a putative/functional relationship (termed herein as an association).
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Figure 3. Biological relevance and reliability of linkages: Besides homology, functional
linkages can also be derived from principles of phylogeny, gene fusion, gene
neighborhood and co-expression. These comprise functional linkages or associations and
have lesser relevance than physical interaction-based linkages which include protein-
protein and protein-DNA interactions for example.

Interactions are implicit in terms of direct and experimental evidence whereas associations are
putative even though they could possibly be due to predicted physical interactions which have
not yet been revealed or discovered. Interactions refer to experimentally verified relationships
such as protein-protein or protein-DNA/RNA interactions among others which also include
protein-metabolite/small-molecule interactions and gene regulation mediated by small RNAs
[143]. The type of linkage in turn determines its relevance (Figure 3): with physical
interactions due to their experimental validation carrying more meaning and weightage than

associations which are putative.
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2.2.2.1.1 Interactions

Interactions refer to experimentally verified physical modes of contact between cellular
components such as DNA, proteins, RNA, metabolites etc. As discussed before, interactions
as compared to associations, comprise the most relevant and reliable form of linkages which
can be assigned between any two components. The physiological and phenotypic
characteristics of organisms are determined by the expression of and interplay among
components from various levels of cellular organization: starting from the genome,

transcriptome, proteome, metabolome etc.

Protein-

@) @) |:> DNA

RNA- OO Genome ) interactions

v g
interactions .

Protein- Tr . m
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RNA O
interactions .
Protein- :
' roteome Metabolite-
protein protein
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Interaction between metabolites

Figure 4. Various levels of interactions in biological systems. The green colored arrows
denote the physical interactions which have been reported in literature. Uni-directional
arrows represent interactions where control is modulated via the interactions whereas
birectional arrows represent interactions which either mediate just structural binding
and/or may or may not mediate control. Different types of RNAs (for example mRNA,
rRNA, non-coding RNA factors, natural RNA aptamers etc) are pooled into the
organizational level ‘transcriptome’.
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Further levels of organization such as the fluxome, secretome, surfactome etc have also been
elucidated in biological system [144, 145]. Control mechanisms have also evolved to
modulate the expression of the components involved in the various levels of cellular
organization. It could be observed from Figure 4 that control over the expression and
activities of components (for examples genes) from a particular level (for example the
genome), is mediated by components further downstream in the dogmatic lineage such as
proteins and transcripts as evidenced by protein-DNA and RNA-DNA interactions (Figure 4).
In addition, post-translational mechanisms such as protein-protein and protein-metabolite

interactions also serve as agents of modulation and feedback [146].

Interactions mediating gene expression (control over transcript initiation)

Since genes are the fundamental information coding blocks which impart function at other
levels via their protein products or RNA or small peptides, gene expression and its control is
deemed to be critical [147]. In line with this, bacteria have evolved a variety of mechanisms
to control gene expression: control where the transcription of information from DNA to RNA
is modulated. Transcription results in the production of a transcript (messenger RNA or
mRNA) from the coding sequence of the gene. The transcription of genes in bacteria is known
to be controlled via two major mechanisms: protein-mediated and RNA-mediated DNA-

interactions [148-151].

Protein-mediated modulation of gene expression (both positive and negative) occurs as a
result of the binding/unbinding of a host of transcriptional regulators and other accessory
factors such as RNA-polymerases, sigma factors etc to/from the upstream regulatory regions
found in the promoter areas of the gene [153] (Figure 5). The interaction between the
transcription factor and the upstream promoter sequence involves the recognition of a binding
site comprised of 5-20 nucleotides (in the genetic upstream sequences) by the transcription

factor [153].
22
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Various experimental methods such as electromobility shift assay (EMSA) [154-156],
DNAase footprinting [157], ChIP-chip [158, 159] etc have been developed to verify such
interactions. This mechanism of gene regulation is considered to be efficient since genes are
transcribed and expressed only when and if a specific stimulus or signal triggers and activates
the corresponding regulator or transcription factor. But on the other hand, it also brings with it
the inherent disadvantage of not being able to respond quickly to rapidly changing conditions.
Time-scales in the range of a few minutes could have elapsed between the perception of the

signal and the elicitation of the transcriptional response [153].

The second type of gene regulation involving DNA interactions is related to riboswitches
[151, 160-163] which are structured domains that usually reside within the non-coding
regions of messenger RNAs. Metabolites bind to highly specific binding pockets in
riboswitches causing allosteric structural changes following which the riboswitches bind to

DNA to inhibit the transcription of the full-length mRNA [160-162].

Post transcriptional interactions (control over transcript fate)

To reduce the time lag between stimulus recognition and modulation of protein production via
regulation of gene expression by transcript initiation, bacterial systems have developed other
mechanisms to control gene expression and responses. One of the most prominent among
them is the control established via transcripts or in other words conveniently defined as post-
transcriptional mechanisms. There are a variety of sub-mechanisms within this broad category
encompassing interactions exerting modulation via the transcripts. Riboswitches (Figure 6)
not only regulate gene expression by inhibiting transcript initiation by DNA binding but also
interact with other transcripts and thereby inhibiting translation initiation [151]. This happens
when riboswitches induce formation of a helix that sequesters the ribosome binding site

thereby reducing the efficiency of translation intiation [164]. There are also other models of
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post-transcriptional control by riboswitches which induce the formation of an intrinsic

transcriptional terminator upon ligand binding [165].

In addition, evidence also suggests that riboswitches play a role in splicing control as well
[167]. Besides ligands and small molecules which also involve metabolites, proteins also bind
to transcripts thereby preventing their translation to the protein form [168]. Post
transcriptional interactions help in bypassing the transcriptional initiation regulatory circuit
thereby adding to the flexibility and robustness of the biological system to respond to sporadic

changes in the environment.

Protein-protein interactions

Next to interactions governing transcriptional initiation, protein-protein interactions (PPIs)
(Figure 7) comprise the widely known post-translational interaction type due to the large
scale techniques which were developed to screen out PPIs. The techniques for inferring PPIs
include protein-fragment complementation assays [169, 170], affinity purification [171, 172,
173], fluorescence resonance energy transfer [174], mass spectrometry [175-177], protein
microarrays [178], microscale thermophoresis [179], immunoprecipitation [180] and
yeast two-hybrid system [181]. In biological terms, PPIs are associated with many functions
[182]: for example, protein components from signal transduction pathways interact with each

other via specific domains meant for facilitating such binding [183, 184].

Some of the PPIs which happen in signal transduction pathways like two component systems
are associated with the transfer of phosphoryl groups [183, 186]. PPIs are also observed in
enzymatic complexes where the different subunits orient themselves in sterical positions with

each other so as to become functional [187].
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Figure 6. Riboswitches as a classical example of gene expression control established
during the transcriptional as well the translational stages. Even though many
mechanisms exist [151], riboswitches function to either facilitate a pre-mature
transcription termination (A) or the inhibition of intiation of the translation (B) as a
result of the binding action of a ligand or small molecule leading to
formation/dissolution of RNA structures such as terminator loops on the transcript.
Figure adapted and modified from [166].

Other examples in which PPIs play major roles in cellular control include dimer/multimer
formation of structural and functional proteins. Transcription factors in their dimerized form
for example have been shown to have significantly altered activities in relation to their
monomeric forms [188]. Such activated forms of transcription factors after dimerization then
regulate gene expression via transcriptional initiation [188] as explained before in section
2.2.1.1.1. In addition to functional, regulatory or enzymatic roles, PPIs are central to the

formation of cellular structural complexes [140].
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Interface

Protein 1 Protein 2

Figure 7. Protein-protein interaction depicted pictorially. Adapted and modified from
[185]. Proteins interact with each other to form enzymatic and/or structural complexes
and some protein-protein interactions are also associated with transfer of phosphoryl
groups between each other [183, 186].

Protein-metabolite interactions

Small molecules, metabolites and ligands such as amino-acids and their derivatives for
example play significant roles in the metabolic control of enzymes and their activities.
Metabolites of an enzymatic pathway function by binding to enzymes which catalyze the
product’s formation/degradation or the synthesis of an intermediate [189, 190]. The most
commonly observed form of this kind of enzymatic feedback via ligand binding to enzymes is

the feedback inhibition [191].

27



Chapter 2. Literature review

Co-activators

RXR

PPAR ligands
(natural/synthetic)

PPARs (a, y, /0)
DNA-binding domain

DNA

Transcription of target genes

Figure 8. An example of a gene-regulation mechanism working on the principle of
protein-ligand as well as protein-protein interactions. In this case, the example is derived
from the case of peroxisome proliferator-activated receptors (PPARs) which in the
presence of co-activator proteins and PPAR ligands bind to peroxisome proliferator
response elements or PPREs on DNA thereby inducing the transcription of target genes.
Adapted from [192].

Binding of small molecules and ligands to enzymatic proteins results in changes in the
conformation and stability of the enzymes thereby affecting their activities [191]. Metabolic
networks pool these kinds of interactions where the enzymes and metabolites are the key
components. Not only enzymes, but also other proteins which function as transcription factors
have also known to have altered activities and affinities upon binding of ligands [193](Figure

8).
Other post-translational interactions

Most proteins after being produced from the ribosomal assembly are processed in a variety of
different ways before ending up as a functional protein product in the bacterial cell. Most of

these modifications deal with the enzyme-catalyzed covalent addition of accessory functional

28



Chapter 2. Literature review

groups such as glycosyl groups, methyl groups, hydroxyl groups, mannosyl groups, N-ADP-
ribosyl groups, acyl groups etc to side chain residues of the protein [194]. Alternatively,
modifications of proteins where their peptide backbones are cleaved by proteases or auto-
catalysis have also been reported [194]. Thirdly, the altered proteins could acquire new
functions as a result of the primary modifications and could catalyze further reactions leading

to post-translational changes of other proteins [146, 194].

The above described classification of interactions is not exhaustive in itself and has been

explained only to give the reader an overview of physical interactions in biological systems.

2.2.2.1.2 Associations

The underlying cause of a predicted functional linkage such as an association may or may not
be a physical interaction. In simple terms, associations are putative. Associations between two
components such as genes are predicted from their functional contexts. Traditionally, the
functional context of genes, or for that matter even those of other components such as
proteins, were determined from the similarities of their sequences to previously characterized
ones followed by the annotation of the query gene if the sequence similarity satisfied a
specified cutoff. Non-homology based methods have recently been applied to understand
functional relationships between proteins. Functional relationships between two genes or
proteins are assigned based on their phylogenetic profiles in multiple organisms, gene fusion
events (products of genes fused into a single protein), gene neighborhood (both genes in the
same genomic vicinity), gene order conservation and co-expression at the transcript or protein
levels [195-199]. Table 1 provides an overview of the advantages and disadvantages of the

various approaches used to predict associations.
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Table 1. Advantages and disadvantages of the various approaches for predicting
associations between genes/proteins.

Approach for Advantage Disadvantage
association inference
Phylogenetic profiles ->Availability of large number of ->Small deviations in sequence

sequenced genomes for the determination of
phylogenetic profiles across multiple
genomes from various classes, families etc.
- Conserved absence or presence in
multiple species is representative of the
evolutionary pressure of the proteins/genes
to have co-evolved

->Profiles compared across multiple
genomes increases confidence on
predictions

similarity could impact homolog
prediction

->The biological meaning behind
predicted associations cannot be
explained

-> Inferences from the profiles
based on paralogs rather than
orthologs can lead to erroneous
predictions

>The closeness of the taxonomic
relationships between the genomes
of the compared organisms are not
weighted for the prediction of
associations

Gene fusion events

1deal for assigning functional linkages or
associations to proteins involved in
consecutive metabolic steps and/or
components of molecular complexes

->Promiscuous domains can cause
uncertainties

->Possibility of false positive
predictions due to functionally
interacting proteins

—Deletion of intergenic sequences
can also lead to false positive
predictions

-> Inferences based on paralogs
rather than orthologs can lead to
erroneous predictions

Approach based on gene-
neighborhood

->Based on intergenic distance for
assigning associations and does not rely on
homology

->Captures basic biology : the closer the
genes on a genome, the higher is their
probability of being related

->Fails to capture the relationships
between genes located far apart on
the genome

Gene order conservation

->Based on conservation of gene orders
such as operons for assigning associations
and does not rely on homology

->Straight forward in prokaryotes due to
the presence of operons

->Various tools available to predict operon
structure in microbial genomes

->Eukaryotic gene organization is
more complicated than in
prokaryotes

->Could get complicated in
prokaryotes in cases where
intraoperonic regulation is
prominent

Co-expression

->Wide availability of gene expression
profiles

->Numerous tools and algorithms for gene
expression analysis and reverse engineering
for predicting co-expression based
relationships

-> Associations based on co-expression
derived from time-course expression
profiles increase confidence in the predicted
associations in that they represent
relationships based on dynamic data

->The biological meaning behind
predicted associations cannot be
explained as such

->Need for additional biological
information for assigning causality
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Association of genes based on gene order conservation

Conservation of gene order in terms of pairing has been used routinely for predicting physical
interactions between proteins [200]. It has also been used for protein function assignment if a
protein is part of a conserved pair with one among the two proteins not annotated. At the same
time, if the products of both the genes/proteins have been assigned only tentative functions,
then gene order conservation can be used to predict physical interactions and assign functional
associations [201, 202]. In bacteria genes encoding for proteins with similar functions are

organized into operons.

Products of genes from within an operon have been shown to be functionally associated [203,
204] and even known to be members of functionally interacting protein pairs [200]. For
example, genes found to occur as members of conserved gene ordering or gene pairs encoded
interacting proteins belonging to various functional categories. Some of these included
ribosomal proteins, ATP synthase complex proteins, transporters, enzymes, chaperones, cell
division, complexes corresponding to proteasomes and nodulins [200]. In a specific study
(based on the Mycobacterium tuberculosis genome) aimed at assigning functional
associations based on conservation of gene order, it was found that proteins encoded by genes
which are clustered have a higher rate of functional linkages than genes which are not

clustered or paired [203].
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Association of genes based on conserved phylogenetic profiles

Two genes or proteins can be said to have functional relatedness if they are found to occur
simultaneously across multiple genomes. The fundamental principle (Figure 9) of inferring
linkages based on the conservation of phylogenetic profiles is that pairs of homologous/non-

homologous proteins or genes that are often present or absent together in genomes are prone

to have co-evolved [205-207].

—

Figure 9. A pictorial depiction of an example showing the differential phylogenetic
profiles of genes. Green cells indicate that the ortholog of the gene is present in the
genome of the corresponding organism and white cells denote the absence. Genes such
as A and B which share similar phylogenetic profiles are more likely to be involved in
the same functional process or metabolic pathway and hence functionally linked. This
paves the way for assigning a putative functional linkage (i.e and association) between
the genes A and B.

This driving force for co-evolution could be a functional aspect which calls for the products of
both the genes. The protein products may be required for imparting complete functionality to
a metabolic pathway or a structural or enzymatic complex which in turn might be critical for
the expression of a physiological phenotype, adaptation mechanism etc [205]. In other words,
the co-evolutionary driving force behind conserved genes could be to enhance the fitness of
the organism. Studies have found that genes within the same metabolic pathway have higher
chances of sharing similar phylogenetic profiles than genes belonging to different pathways

suggesting that the former are under the influence of a greater selective pressure than the latter
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[205]. Hence, functional association-based linkages can be assigned to pairs of proteins or

genes which have co-evolved in multiple genomes.
Association of genes based on gene fusion events

‘When a protein in a certain species is made up of fused subunits which usually correspond to
a single full-length protein in another species, it is known as a composite protein. The
individual proteins harboring the domains are termed as component proteins. Using
comparative genomics, it can be assessed if a composite protein in a species is similar to two

component proteins in another species [208] (Figure 10).

Composite proteinin
speciesA

Component
Proteins

o .
inspecies B

Figure 10. Graphical illustration of the concept of gene fusion events. The two domains
(Alpha and Beta) of the composite protein (corresponding to a single gene) in species A
is found to be encoded by two separate genes in species B. The evidence regarding the
composite protein from species A supports the possibility of a functional gene fusion
linkage between the two individual proteins in species B.

The genes encoding the composite proteins need not necessarily be neighbors. If a composite
protein is satisfactorily identified, then it can be said that the component proteins are likely to
be having a functional linkage [208, 209]. This predicted functional linkage could either be a
plausible physical interaction or involvement in the same metabolic pathway or biological

process [208, 209]. Since the notion of a physical interaction between the component proteins
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is also a computationally predicted one, it is still considered as a functional linkage or an

association.

Association of genes based on gene neighborhood

If two genes are found in close proximity to each other in a certain species of interest and at
the same time, if their orthologs also exhibit the same kind of behavior in the genomes of
multiple species, then the two genes can be defined as neighborhood genes (Figure 11). The
neighborhood could be attributed to putative functional associations in which the gene

products are involved [210, 211].

—
X u
Y Genome 1l Genome 2
Y
)J_\
X X
Genome 3 Y Genome 4

Figure 11. The genomic proximity profiles of three genes X, Y and U and their orthologs
in the genomes of four different species as an example. It can be inferred that the genes
X and Y are obvious gene neighbors as against the pair of X and U since U is positioned
randomly compared to the X-Y pair. Genes corresponding to such conserved
neighborhood across species could predictably be functionally linked.
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Association of genes based on co-expression of their transcripts and/or protein products

Static as well as time-series —omic datasets at the level of the transcriptome and proteome are
widely available and have been used to infer the causal mechanisms which could generate
such profiles. One example in this regard is the inference of transcriptional regulatory
networks (TRNs) from co-expression patterns and binding motif data. Besides, genes within
an operon could also be co-expressed due to the common control exerted by the binding of a
set of regulators or transcription factors to the upstream regulatory regions of the operon. It
has been shown that co-expression patterns between two genes are not just attributed to
common regulatory control or operonic membership, but could also be implicated with the
functional aspect of the gene products. In other words, genes/proteins observed to be co-
expressed over many conditions have a higher probability of being functionally associated

than non co-expressed genes [22, 212].

Association of genes based on prediction of transcriptional regulatory and protein-

protein interactions

Regulation of gene expression at the transcriptional initiation (see section 2.2.1.1.1) level is
one of the most predominant types of well-studied and documented physical interactions in
bacterial systems. In addition, they also constitute the largest group of experimentally verified
physical interactions in model organisms such as E.coli [213], B.subtilis [214], P.aeruginosa
[215] among others. Despite this, verified transcriptional regulatory interactions in most other
bacterial species can at best be described to be a handful in number when compared to model

or standard organisms.
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Since such interactions form the basis for the construction of gene regulatory networks
derived from gene expression data, it is imperative that this gap in knowledge be bridged so as
to enable the construction and analysis of transcriptional regulatory networks (TRNs) for
organisms which are not well studied. The determination of transcriptional regulatory
interactions using a bottom-up strategy requires a lot of time and labour and large scale

estimation warrants additional capital investments.

Hence, given the current limitations, and the fact that genome sequences of multiple
organisms are available, bioinformatics-based techniques are employed to predict
transcriptional regulatory interactions from genome data. The most widely used method of
functional-genomic based prediction of bacterial transcriptional regulatory interactions
involves the extrapolation of experimentally verified relationships from model organisms to
the organism of interest based on the best-hit trilogy principle (Figure 12) as described
elsewhere [216]. Briefly, this principle searches for orthologic counterparts of the
transcription factor and the target gene as well as the conservation of the binding motif (from
the experimentally verified interaction in either a model species or any other bacterial species)

in the organism of interest.

2.2.2.2 Network classification according to directionality of linkages

Networks can also be either classified into directed or undirected depending on whether the
linkages in the network are assigned directionality (Figure 13). By directionality, the causal
nature of the linkage is implied. Directed networks consist of experimentally verified and
predicted transcriptional regulatory networks. Metabolic networks can also be termed as
directed when the direction of conversion of enzymatic reactions (both reversible and
irreversible) is known. On the other hand, the remaining types of networks based on physical

interactions as well as associations are generally undirected due to lack of information
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pertaining to verified or predicted mechanisms which give rise to causality. Hybrid networks

O, (&
/e\ /eX

A Transcription factor ﬁ '
O Target gene A‘
—3 Directed linkage o o
Undirected linkage o

Figure 13. Different types of biological networks based on the availability of linkage
directionality. The top left and right networks are purely undirected and directed
networks respectively whereas the bottom network is a hybrid one with both directed
and undirected linkages.

encompassing both directed and undirected linkages can also be compiled.

2.3 Inferring genome-wide transcriptional regulatory response

networks

The most basic level of control of gene expression is exerted during the regulation of
transcription. Even though other levels of gene regulation exist (as explained and outlined in
Chapter 2), extensive progress on genome-wide network mapping has not yet been achieved

with respect to these regulatory modes. Even as new regulatory modes and mechanisms are
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being discovered, the techniques of analysis being established for evaluating such regulatory
relationships are still at their infancy. This has thrown major limitations at scaling-up the
scope of new regulatory modes and relationships to whole-genome levels. On the other hand,
the inference of transcriptional regulatory networks on whole-genome scales, although not
still complete, has been performed for various organisms [217-224] with available
information. This has been partly due to reduced costs for carrying out whole genome gene
expression profiling using microarray [225, 226] and RNA-seq technologies [227, 228], the
availability of transcriptional regulatory information such as binding sites [229], new
flourishing technologies like ChiP-Seq and ChiP-Chip [159, 230], the numerous reverse
engineering algorithms [11] and the application of comparative genomics in extrapolating
transcriptional regulatory relationships across sequences and annotated genomes [231, 232] .
In this section, a brief but informative overview is provided with an outline of the current state
of development with regard to whole genome transcriptional regulatory network inference as
well as the various challenges and drawbacks involved in various steps of the network

inference process.

2.3.1 Steps involved in the inference of transcriptional regulatory networks

The process of inferring transcriptional regulatory networks can be classified into three
primary steps: generation of gene expression data, application of reverse engineering
algorithms to deduce gene-gene correlation and the integration of biological causality into the
gene-gene co-expression network inferred in the previous step. Although it could be argued
that other miscellaneous procedures could be involved, the transcriptional regulatory network

inference procedure can be broken down into the main steps as stated above.
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2.3.2 Generation of gene expression data

Since transcriptional regulatory networks deal with the transcriptional egulation of gene
expression, gene expression data at the transcript level is of central importance and serves as a
starting point from which further analysis can be carried out. The measurement of gene
expression at the transcript level has traditionally been measured using reverse transcription
PCR (RT-PCR) [233], differential display RT-PCR [234], FISH (flouroscent in-situ
hybridization) [235], Northern blotting [236], and reporter gene assays [237]. Although these
techniques were quite accurate and efficient, they had practical limitations on scaling up and
hence their applications were limited to a small scale involving a few dozen genes. However,
these techniques can be put to use to carry out a second confirmation of the expression of a
few selected genes as well. But with the advent of improved technologies such as DNA
microarray technology [238], it became practically possible to monitor the expression of
thousands of genes from a single genome basically on a single chip. Other novel high-end
developments in measuring gene expression include the Serial Analysis of Gene Expression
(SAGE) [239], RNA-seq [240], comparative EST (Expressed Sequence Tags) [241],
macroarays [242] and Massively Parallel Signature Sequencing (MPSS) [243]. The
developments and improvements in robotics and computational informatics have made it
possible for the establishment and advancement of these high-throughput methods as general
practice for measuring gene expression in modern biological research. These innovative
technologies though have brought in new challenges as well as opportunities into the horizon
of scientific research. Nevertheless, these developments bode well in that they contribute
positively to basic scientific themes in systems biological research such as inferring and

understanding gene regulatory networks.

The expression of genes can either be monitored over time (time-resolved/time-series),
between conditions (static/sample-to-sample) or a combination of both of the above (time
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resolved conditional). Here again, the advent of high-throughput technologies has had an
overwhelming impact on the experimental design itself. Since gene expression data is so very
essential for the network inference procedure, the higher the quality and greater the volume of
data, the higher is the reliability and accuracy of the inferred network. In this context, it is
bound to be obvious that gene expression monitored over time with intervals (preferably short
time intervals) in accordance with the time-scale of the biological process under study would
be more informative than a static-approach based gene expression measurement. Whereas
cost and practical difficulties limited gene expression measurement during former times to a
static/sample-to-sample design, the positive impacts of high-throughput technologies have
now made it possible for researchers to monitor gene expression under multiple conditions

over narrow time-intervals.

2.3.3 Inference of gene-gene expression correlation

As explained before, gene expression measurements at the transcriptional level are the basis
for inferring genetic networks including transcriptional regulatory networks. Before arriving
at transcriptional regulatory relationships between a pair of genes, statistically significant co-
expression relationships between the genes need to be established. While there exist variants
of many simplistic concepts such as the [244] which have been widely used to infer the co-
expression relationships between genes, reverse engineering concepts and algorithms have
taken the center-stage in the last decade or so in contributing to the inference of genetic
networks. As a concept, reverse engineering with respect to biological networks refers to “the
process of revealing the network structure of a biological system by reasoning backward from
observed data” [11]. Many review articles on reverse engineering methods and their role in

inferring genetic networks have been published [11, 12, 245, 246].

Reverse engineering tools and algorithms can be grouped together [11] into major methods

based on their commonalities with respect to their theoretical bases and concepts such as
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linear regression [14], graphical gaussian models [247, 248], neural networks [246, 249],
bayesian networks [250-253], partial Pearson or Spearman correlation [254], mutual
information [255], pair-wise statistical association linkage [22, 256], ordinary differential
equations [14], S-systems [257, 258], genetic algorithms [259], linear state-space model [260]
etc. Tools based on each of these concepts have their own advantages and drawbacks thus
prompting the suggestion [11, 12, 22] from many researchers in this field of study that
multiple methods need to be used in order to minimize the fraction of false positives and

maximize accuracy in predictions.

While a plethora of methods are available for the inference of genetic networks from static
gene expression data, the number of methods for treating time-series data is relatively low in
number. Furthermore, as of date, no method has been specifically designed for dealing with
time resolved gene expression data with non-periodic sampling intervals (with dissimilar
intervals between samples). This translates into a major bottleneck for researchers since the
time-scale of biological processes vary from one process to another. In this context,
experiments need to be designed with sampling intervals which are in line with the time-scale
of the biological process or system under study so as to capture the true dynamics

representative of the system.

As part of the work included in this thesis, the reverse engineering method termed the Trend
Correlation Method [22] was used to infer the co-expression based genetic network consisting
of correlated connections between genes. The TC method allows the inference of gene-to-
gene time-lagged positive or negative “associations” or pairs of genes based on extracting the
main features of the change trend and the correlation of gene expression changes between
consecutive time points [22]. Furthermore, the TC method was adapted to the non-periodic
nature of the gene-expression dataset by calculating the correlation coefficient from the
change rates rather than the change levels between consecutive time points since the time
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interval of the measurements was not constant (personal communication, Feng He). In
comparison to partial correlation, the TC method has further advantages in that it enables the
identification of time-lagged relationships, estimates the co-expression from both the change
levels and change trends and calculates the correlation co-efficient and P-value from the

expression levels corresponding to the time intervals with similar match trends.

2.3.4 Assigning causality to co-expression networks and recent developments in genome-

scale transcriptional regulatory network inference

As discussed previously, networks can either be fully directed, fully undirected or contain
edges some of which are directed and others undirected. In networks such as genetic co-
expression networks, linkages between genes are undirected whereas the edges of other
networks such as the transcriptional regulatory networks for example are characterized by
information specifying directionality and causality. The mere presence of an edge (as inferred
from significant co-expression and correlation) between two genes does not necessarily
represent a directed relationship between them. Thus, even though genetic co-expression
networks have been used to infer critical components involved in biological processes [17,
261-266], their very nature of being undirected points out the lack of biological information
for uncovering basic mechanistic aspects underlying the observed expression patterns of
genes. In simple terms, further evidence is required for at least assigning putative biological

causality and subsequently for pursuing precise experimental validation.

Regulatory networks on a genome-scale have been inferred by using combinatorial
methodologies [217] incorporating not only gene-gene interactions (predicted from co-
expression) from reverse engineering algorithms but also biological information such as data
on binding motifs and promoter elements [218], functional genomics [219], genome
annotation [220] and transcription factor activities [221]. Although non-exhaustive due to the

lack of biological information (such as incomplete knowledge of transcription factor binding
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sites), genome wide transcriptional regulatory networks have nevertheless been constructed
from heterogeneous data for a few organisms such as Escherichia coli [221], Saccharomyces
cerevisiae [222], Bacillus subtilis [218], Candida albicans [223], Streptomyces coelicolor
[219], Halobacterium NRC-1 [220] and others. Despite the advances made in the field of
genome wide regulatory network reconstruction, most of these attempts have been carried out
for model or standard organisms such as E.coli, S.cerevisiae, B.subtilis [218, 221, 224] for
which accumulated biological information exists. Some progress has also been made in the
case of human cells as shown by Basso et al. where human B cell gene regulatory interactions
were inferred [267]. Hence, one of the major current challenges in the field of network
biology centers around the whole genome directed regulatory network inference strategies for

less-studied organisms which are either pathogens or are industrially important.

Even though the last decade has witnessed an explosion in terms of the generation of
component interaction data such as protein-protein interactions [268-275], transcriptional
regulatory relationships [214, 215, 219], metabolite measurements and fluxes [276-278],
protein-metabolite binding [279, 280], pathogen-host interactions [281], interaction
compendiums [282] etc to name a few, the scenario is far from satisfactory or ideal for most

species with the exception of a few model standard organisms.

Although real biological networks are much more complicated in nature due to their
heterogeneous nature of interactions among components from different levels of organization,
the main focus of this thesis is the inference of a genome-wide transcriptional regulatory
response network of the human caries pathogen S. mutans under treatment with the biofilm
inhibitor carolacton. The inherent disadvantage of non-directionality in co-expression
networks can also be overcome by incorporating binding site information of transcription
factors as has been demonstrated for both prokaryotic and eukaryotic organisms [218, 283,
284]. Regulation of gene expression at the transcript intiation stage comprises one of the most
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fundamental and well-studied modulatory mechanisms in bacteria and is mediated by protein-
DNA interactions involving regulator proteins. The availability of annotated genomes of a
large number of prokaryotic organisms has also provided biologists with the possibility of
applying functional genomic and comparative genomic approaches for assessing regulatory
elements. As described previously, regulatory proteins bind/unbind to/from the promoter
elements in the upstream regions of genes and/or their corresponding operons to activate or
repress their expression depending on the nature of the regulator protein itself (activator or
repressor). Regulator proteins bind to the genetic upstream elements via a specific sequence
or pattern of nucleotides anywhere between 5-25 base pairs in length on the DNA. Such
specific sequence elements which mediate the binding between regulator proteins and the
promoter elements of genes are called transcription factor binding sites and all the genes
under the control of a specific regulator comprise its regulon. A collection of binding sites
retrieved from various target promoter elements for a specific transcription factor gives rise to
a binding motif which in other words represents a binding site consensus. Transcription factor
binding site information and inferences from genetic co-expression under specific conditions
can then be integrated to yield contextual transcriptional regulatory response networks

(TRRNS) as is the case presented in this thesis.

2.4 Inferring the transcription factor — target gene map using

putative binding sites

2.4.1 Sources of binding site data

2.4.1.1 Literature information on S. mutans transcription factors
Various experimental methods and techniques such as EMSA, nuclease protection assays,
DNAase I footprinting assays among others have been used to validate numerous

transcriptional regulatory relationships. Of the more than 100 known and predicted
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transcriptional regulators in the S. mutans UA159 genome, only a few have been studied
experimentally and an even smaller number characterized with respect to their binding site(s).
The sparse characterization and elucidation of transcription factor binding sites is observed
for many other non-model organisms in addition to S. mutans as well due to limitations with
respect to the scale and feasibility of experimentation [216]. This poses a critical problem for
inferring a transcriptional regulatory network on a genome-wide level. The non-availability of
experimentally verified transcriptional regulatory binding sites for the S. mutans
transcriptional factors was compensated by applying comparative genomic approaches [285-
287].

2.4.1.2 Comparitive-genomics based prediction of transcription factor binding sites

The availability of a growing number of complete prokaryotic genomes throws open the door
for the bioinformatic analysis and prediction of cis-acting regulatory elements across species
and genomes. The basic tenets of such an approach involve the description of known regulons
in non-standard organisms (pattern matching [288])(Figure 14) and the ab-initio prediction of

novel regulons (pattern discovery [288]).
Organisms @
with experimentally verified
regulatory relationships

Studied organism

TF : Transcription factor
@ :Transcription factor binding site

Figure 14. Abstract principle followed to arrive at regulons in non-characterized
organisms.

In addition to the above mentioned paradigms in the prediction and analysis of cis-acting

regulatory elements, their reliability and accuracy can be improved by checking for
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consistency (of orthologous sites) across multiple genomes in addition to the functional
annotation of the genes harboring the sites in their promoter elements [216]. Whereas pattern
matching and extrapolation reveals new putative regulons in not-so-well characterized
species, pattern discovery concerns itself with the identification of novel motifs conserved
from sets of genes sharing common functions, genes which are co-regulated, orthologous
genes and phylogenetic footprinting [289-293]. Put together, these approaches open up new
avenues for the computational reconstruction of bacterial regulons based on transcription-

factor binding sites.

2.4.1.3 Regulatory databases

In addition to literature and publications, binding sites can also be retrieved from regulatory
repositories and databases such as RegulonDB [219], Prodoric [215], DBTBS [214],
RegTransBase [229] to name a few. These databases contain a collection of regulatory
interactions from literature for multiple bacterial species. Besides, there are also databases
such as RegPrecise which are specifically dedicated to regulons that were reconstructed using

comparative genomic approaches across a wide collection of prokaryotic genomes [231].

2.4.2 Methodologies, axioms and statistics of pattern matching

Pattern matching

Proteins which regulate gene expression bind to specific locations on DNA and these are
called transcription factor binding sites. Many bioinformatics based methods have been
formulated for the identification of TF binding sites in DNA sequences [294, 295]. Pattern
matching is defined as the process of searching for sites recognized by a known TF, and
requires prior knowledge of sites that describe the binding specificity of the TF. Pattern

discovery is defined as the prediction of novel motifs in a set of genes that are putatively
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regulated by some TF, without any prior information about its binding specificity. In this
work, the focus is on Pattern Matching (PM) and it is applied to the detection of binding sites
in the regulatory regions of genes from the constructed co-expression network of S. mutans

biofilms in response to carolacton.

Pattern Matching methods can be divided into two classes namely matrix- and string-based
PM [296]. In string-based PM methods, a string (represented by nucleotides in various
combinations according to the composition of the binding site) is used to denote a binding
site. A simple string-based pattern matching generally gives poor predictions for transcription
binding sites since a single string-based representation fails to capture the binding site
variability and degeneracy. Strings are also not reliable when searching for new sites since
they do not account for possible degeneracies which could occur in sites which have not yet
been characterized, unless allowances for mismatches are made [297-299]. The matrix form
measures the number of occurrences of each of the four nucleotides at every position of the
binding motif resulting in a 4 —column matrix. Such matrices are called Position Specific
Scoring Matrices or PSSMs and can be compiled in different formats [288, 296]. PSSMs
would also account for the variants arising from the degeneracies and typically accommodates
position-specific variability. PSSMs also enable a more quantitative and objective description
of the binding specificity, taking into accounts the frequency of each nucleotide at each
position of the motif. Matrix-based pattern matching has the advantage of returning a
probabilistic description of motif degeneracy [296]. PSSMs are constructed by first aligning
the experimentally verified binding (known) sites of the TF. The alignment is then used to
derive a count matrix, which in other words, is defined as the numerical count in raw
numbers, of every base pair in each position. The count matrix, in turn yields the frequency
matrix: which as the name suggests, is an extension of the count matrix, but differs in that the

numerical count is replaced by frequency, i.e, the proportion of each residue occurring at a
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specific position in relative terms [297, 300-303]. The main difficulty of matrix-based pattern
matching lies in the choice of appropriate parameters: most programs stipulate the user to
specify the matrix width, and the expected number of site occurrences. Since this information
is typically not provided, the user has to make guesses, or try various possibilities and select

the most convincing result.

Information content of PSSMs

The “goodness” of a matrix is generally estimated by a score (typically dependent on the the
information content of the matrix). Various strategies have been developed to optimize the
information content of a matrix extracted from a sequence set. Each PSSM has a distinct
characteristic which is representative of its ability to classify or distinguish between true
positive and false positive binding sites. This characteristic is called the information content
of the matrix and it allows one to estimate an upper limit for the expected frequency of the
binding sites in random sequences [300, 304]. The information content of the matrix was
defined in 1986 by Schneider [304] and was based on a concept called Shannon’ entropy. The
information content signifies how information is scattered across different sites and to
compare one site with another. The information content takes into account inconsistencies or
variabilities in individual positions within a series of sites. It is a measure that promotes direct
comparisons between sites recognized by different TFs. Basically, the information content of
a PSSM accurately illustrates the distinctness of the sites used for the matrix construction
from all the possible sequences in the entire genome of the organism in concern. In other
words, the information content of a PSSM specifically tells us about the binding interaction
between the TF and its binding sites. The information content of a PSSM is calculated from
the data on the sequences to which the TF binds and also from the nucleotide content of the
organism’s genome [304]. There are plenty of algorithms which have been developed for

determining the alignment to yield the PSSM with the best information content using various
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methods such as expectation maximization [305], Gibbs algorithm [306] and the greedy

approach [307].

Weight Score of Predictions

The weight score is an important parameter used for evaluating the validity of the predicted
sites. It gives a first-hand idea of the quality of predictions, although, it does not give an
indication of the randomness of the result. It gives quantitative and qualitative descriptions of
the predictions. Qualitatively, if the weight score is positive, it is highly probable that the
prediction is true and if the weight score is negative, the prediction is false. Quantitatively,
the magnitude of the score determines the extent to which it could be true. Nevertheless, the
quantitative interpretation of the weight score is not so informative and reliable since the
score itself depends on the information content of the matrix. This is a major drawback of this
assessment measure [300]. In Pattern Matching, the weight score is calculated by taking the
log of the ratio between the probability that a sub-sequence of the same length as the number
of positions in the PSSM occurs within the context of the PSSM and the background model
[296]. Initially the calculation of weight scores was limited to Bernoulli background models
only, but was then further extended to accommodate Markov-chain based background models

[306, 308].

Background Models

As described in Section 4.1.4.3, the weight score of a predicted site is dependent on the
background model. The background model, as the word itself suggests, is a reference and it
functions as a base-line for which to compare the PSSM-based predictions. It serves to answer
the following question: What shall the probability of occurrence of the TF binding motif in a
query gene be compared to? If this question has to be answered, one has to consider a base-
line model, which exposes the probability that such a motif occurs randomly in the given
context, for example, in the genome of the organism under study [294, 296, 300]. The
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background model, in other words, provides significance to the predicted sites, in the light of
a given context. The background model as such can be chosen according to the degree of
constraints to be imposed. Background models of different markov chain orders can be used
to execute this constraint, which takes into account whether there is independence between
successive residues or not. In addition to this, there is a constraint based on sequence type.
This constitutes our freedom to choose what kind of sequences make up the background
model: whole genome or all the regulatory sequences or just the upstream or downstream
regulatory sequences, or dual regulatory regions within the coding sequences etc. According

to our choice, the content of the background model can be adjusted [294, 296, 309, 300].

Site P-value

In Section 4.1.4.3, it was explained that the weight scores as such do not give a clear insight
into the randomness and ‘occurrence by chance’ of the predictions. This drawback can be
rectified only if a measure is available which gives a quantitative appraisal of the randomness.
Since the weight scores are determined by the information content of the PSSMs, there is a
tendency for some PSSMs to score certain weights more frequently than others. The site-P
value, on the other hand, is a unique measure, since it quantifies the randomness from the

expected distribution of all the scores.

Pattern matching tool matrix-scan

matrix scan, the tool used here for pattern matching scans sequences with Position Specific
Scoring Matrices (PSSMs) and scores each position or (a sequence segment) according to a
weight score [300, 307]. matrix scan was developed by Turatsinze and co-workers in 2008 for
searching for patterns in the cis-regulatory regions of genes by using PSSMs which represent
the binding specificities of TFs [296]. As explained in Ref.62, the tool used in this work has
lots of advantages which outweigh its drawbacks. The most prominent feature of the tool is

that it supports the search using one PSSM as well as many PSSMs (which are supported in
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various formats), i.e, a single query sequence can be searched for the presence of binding
motifs of more than one TF and that too in a single run of the program. In addition, it also
supports the prediction of cis-regulatory modules, which are segments of sequences with a
high scatter of binding sites. This is very helpful when working with query sequences and
promoters whose activation or repression is mediated by an array of TFs rather than just one.
The next advantage is that the tool supports a variety of methods to train the background
models, which makes it user-friendly. Another plus point for the tool is that the choice of the
background models is also flexible: both Markov and Bernoulli models are supported.
Moreover, the order of the Markov chains can be changed from an order of 0 to 7 depending
on the stringency level desired. One of the most important, if not the most important attribute
of the tool is its ability to interpret the reliability of the predictions quantitatively in the form
of a P-value. This gives us an indication of the false-positive rate which can occur by chance.
Other features which standout include its in-built function to impose thresholds on various
other parameters for screening the prediction results. The most notable limitation of the tool is

that it takes considerable computing time for performing a whole genome scan [296].

Statistical procedures in Pattern Matching

PM uses PSSMs to scan the regulatory sequences of potential target genes for the presence of
binding sites. As a sequence is scanned for the presence of a potential binding sites using a
definite PSSM, a certain score is assigned to each sub-sequence (which is a string starting
from its respective position of the parent query sequence) The magnitude of the weight score
depends on the similarity between the motif represented by the PSSM and the sub-sequence
itself. The program matrix-scan used in this work to predict binding sites works on the basis
of an algorithm which functions by scanning the query sequences with a PSSM by selecting,
at each position, a sequence segment of the same length (sub-sequence) and by assigning a

score to the sub-sequence. This is performed for every sub-sequence in the query sequence.
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Then, all sub-sequences which have scored above a certain threshold score are considered as
matches (predicted sites). The score which is used in this algorithm is called the weight score
and is defined as the log ratio between the probability for the sub-sequence to occur according
to the motif model represented by the PSSM and the probability for the same sub-sequence to
occur under the background model. Positive weight scores indicate that a sub-sequence is

more likely to be an instance of the motif than an instance of the background [295, 296, 300].

Since the set of sites given as the output depend on the weight score cut off, it can be seen that
the threshold imposed on the score has such a big influence on the outcome. But this threshold
is very often chosen as an ad-hoc measure or as a very educated guess. Besides, the expected
distribution of the weight scores is a direct function of the information content of the PSSMs
used and this would mean that certain weight scores would be meaningful to some PSSMs
and not for others. Hence, to derive a randomness measure, the expected frequencies of the
weight scores are calculated to obtain the expected distribution of all the scores, from which
the site P-values are determined. The P-value is defined as the probability to get a given score
randomly, and can be used as a good estimate of the rate of false-positives and hence is more
informative than the usual weight scores [295, 296, 300]. As an example, a P-value threshold
of 0.01 would mean that one false positive prediction is expected for every 100 bps, whereas a
P-value of 0.000001 would mean that one false positive prediction is expected for every
million bps. Setting the threshold on the P-value rather than the weight score is even more
crucial when sequences are scanned with multiple PSSMs. Indeed, each motif has its own size
and information content, which critically influences the expected distribution of weights [295,

296, 300].

The matrix scan tool supports background models of many types: Bernoulli models that
assume independence between successive residues, as well as higher order Markov chains,
where the probability to find a residue at a given position depends on the residues found at m
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preceding positions (m is the order of the Markov chain). Markov models of order m
determine the frequencies of words of length k = m + 1. A Markov chain of order 0
corresponds to a Bernoulli model [295, 296, 300]. The purpose of the background model is to
estimate the probability of occurrence of a sequence motif outside the potential target motif
[295] and this will have a significant bearing on the final outcome and hence has to be chosen

in accordance with the type of query sequences.

Reliability adding measures

As explained before, the predictions from the binding site analysis always have matches
which are true binding sites for the TF in addition to mismatches which are disguised as true
sites due to the statistical nature of the tool. Since it is an inevitable fact due to the very nature
and statistical approach of Pattern Matching, certain considerations have to be made to make
the predictions more reliable. Reliability to a certain degree is provided by the randomness
measure: the P values of the predicted sites. Apart from this, the actual significance of the
predictions can be increased if as much biological information can be incorporated as
possible. Hence, some measures are proposed for improving the significance of the

predictions.

PSSM-specific optimized P-values

As a critical reliability indicator, the P-value gives a measure of the randomness of any
prediction. Since the predictive capacity of each PSSM (due to its varying information
content) differs from case to case, a generic or common P-value could not be used to screen
out “putative-target hits” (i.e genes or operons harboring binding sites predicted by the
corresponding PSSMs). Hence, it is imperative to determine a strategy by which customized

and optimized P-values specific for every PSSM are objectively calculated.
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Presence of site repeats

Transcriptional regulation, be it activation or repression, relies also on homo-co-operativity,
which is basically, the modulation of regulation mediated by the cumulative action of many
copies of the same TF. This requires the presence of TF binding site repeats some of which
may or may not overlap. The presence of multiple binding sites for the same TF can indicate
possible homo-co-operative combinatorial regulation [310, 311]. The detection of multiple
predicted TF binding sites in the promoter elements of a gene or operon increases the chance

of the latter being a true positive target of the TF.

55



Chapter 3. Materials and Methods

Chapter 3. Materials and Methods

3.1 Generation of time series microarray data

The transcriptomic measurements were obtained from the BiolnSys project partner at HZI
(working group of Prof. Dr. Irene Wagner-Dobler), Braunschweig. Static biofilm cultures of
S. mutans UA159 were grown in routine 24 well plates (Greiner Bio One, Frickenhausen,
Germany) using 800ul Todd Hewitt Broth (Becton Dickinson, Heidelberg, Germany)
supplemented with 0.5% sucrose (Sigma, Taufkirchen, Germany) per well as media.
Overnight cultures of planktonic cells in Todd Hewitt Broth were diluted in the biofilm
medium to a starting OD of 0.05 and biofilms were grown for 3 hours under anaerobic
conditions (80% N, 10% CO,, 10% H;) in a chamber (Don Whitley Scientific, Shipley,
England). Thereafter, the supernatants were completely removed and exchanged with fresh
medium (control samples) or either fresh medium supplemented with 2.5 pg/ml carolacton
(treated samples). For the control, an equivalent volume of methanol was added. Samples
were taken after 5, 20, 40, 60, 80, 100, 120, 160, 200, 240 and 300 minutes by removing the
supernatant and adding 200 pl fresh medium and 400ul of RNA protect (Qiagen, Hilden
Germany). Biofilms representing one condition were scraped from at least 3 individual wells
and pooled together. Cells were pelleted by centrifugation, washed with Molecular biology
grade water (Sigma, Taufkirchen, Germany) and lysed with a combination of

Lysozyme/mutanolysin treatment and mechanical disruption of cells with glass beads [10].

Total RNA was extracted using the RNeasy Kit (Qiagen, Hilden Germany) as recommended
by the manufacturer. The overall experiment was repeated once. 2 pg of total RNA from each
sample was labeled with Cy3 and Cy5-ULS (Kreatech, Netherlands) according to the protocol

of the company. Fragmentation of RNA and further processing was performed according to
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the Agilent hybridization kit procedure. Samples were hybridized in a dye swap design on
8x15K S. mutans custom arrays (Agilent, Boblingen, Germany) for 14h at 65°C as previously
described [10]. The array design is described in detail in [10]. Slides were washed and
scanned as recommended by Agilent. For feature extraction, the Agilent extraction software
(V. 10.7) was used. The further data analysis was performed using the R package LIMMA
and MATLAB. For dye specific within-array normalization, the LOWESS algorithm was
applied. Quantile normalization was used for between array-normalization. Genes
corresponding to rows with blanks were omitted. From the log transformed and background
corrected median signal intensities, the fold change between treated and untreated samples
was calculated for every gene at each time point. The log2 (treated/untreated) expression
ratios were then subjected to a within-gene normalization. Genes with a log-fold ratio greater
than 0.8 were regarded as genes corresponding to transcripts with altered abundances
(GTAAs). The time-series microarray data set generated as part of this study is available in

the Gene Expression Omnibus (GEO) repository [accession id GSE53264].
3.2 Functional enrichment analysis of GTAAs

Enrichment analysis was performed separately for both the up- and downregulated GTAAs (at
every measured time point) with respect to known biological functional classes and KEGG
metabolic pathways in order to gain an overview of the various functional categories affected
by carolacton treatment. 15 main and 97 sub functional classes of S. mutans UA159 were
compiled using the gene annotation information furnished in the Oralgen database (version
2011 and now re-named as The Bioinformatic Resource for Oral Pathogens). The gene
membership information of S. mutans UA159 corresponding to 84 different pathways was
retrieved from the KEGG database (version 2011). The hypergeometric test with Benjamini
Hochberg correction was used to quantify the significance of the overlap between the GTAAs

and the functional categories. A corresponding significance score was also calculated as a
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negative logarithmic function of the corrected P value. The significance score is a user
friendly measure of the relevance of the overlap between functional categories and the
GTAAs. The higher the significance score, the more relevant is the overlap. Categories with
significance score greater than O represented significant enrichment. Functional categories
were considered to be most significantly over represented if the significance score was higher

than 1.

3.3 Inferring gene-gene correlation relationships from

transcriptomic data using the Trend Correlation (TC) method

The TC method [22] allows the inference of gene-to-gene co-expression “associations” or
gene-pairs based on extracting the main features of the change trend and the correlation of
gene expression between consecutive time points [22]. Time lagged co-expression
relationships are those in which the expression patterns of two genes are better correlated
when a time shift is introduced [22]. In other words, the expression pattern of one gene in a
gene-pair might be better correlated (determined by the TC method algorithm upon providing
a desired time shift requirement) to that of the second gene when an introduced time-shift
classified one of the genes as leading and the other as trailing. In this work, the TC method
was adapted by calculating the correlation coefficient from the change rates between
consecutive time points since the time interval of the measurements is not constant (personal
communication Feng He). Potential co-expression relationships were checked for every
possible regulator-gene pair given the minimum number of expression measurements in the
chosen time window was four. The genetic response network consisted of optimal expression
relationships which started either at 0, 5 or 20 min post carolacton treatment in order to
capture the correlations mediating the initial response to carolacton. The significance of
correlation of a gene-pair for every time-window is measured by the co-expression P-value by

procedures described previously in the TC method by He et al. [22]. The individual P-values
58



Chapter 3. Materials and Methods

of correlation for a gene-pair within every considered time-window are compared among each
other. Optimal correlation for a gene-pair refers to the time window within which the
correlation between the genes is most significant statistically. Parameters such as the
correlation co-efficient, the trend score, and the P-value were calculated as described
previously [22] to characterize the degree and randomness of correlation between the
temporal expression patterns of genes. The association between two genes was considered to
be statistically significant if the corresponding P-value of their co-expression was determined
to be lower than the optimal P-value cutoff calculated using standard performance metrics as

explained below.

3.4 Performance metrics for the determination of the optimal P-

value threshold

The optimality of the P-value threshold was determined based on the F-score (eq.1) which in
turn is a function of the equilibrium between the Recall (eq.2) and Precision (eq.3) functions

which are defined below.

e F-score: this is predictive of the balancing property or equilibrium between the
Precision and Recall parameters. The F-score usually reaches a maximum peak at the

P-value optimum.

F _ 2 * Precision * Recall 1
S€OTe = precision + Recall @

e Recall (also termed as True Positive Rate or Sensitivity) : defined as the fraction of
true “associations” which are inferred as significant by the TC method

Number of true positives
Recall

2

~ Number of true positives + Number of false negatives
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e Precision (also termed as Positive Predictive Value) : defined as the fraction of

inferred significant “associations” which are true

. Number of true positives
Precision = — — 3)
Number of true positives + Number of false positives

Gene-pairs within the same operon because of their virtue of coherent co-expression were
used as the “gold standard” or true positives. False positives constitute the inferred significant
“associations” between genes from different operons whereas false negatives represent the
intraoperonic gene-pairs which were considered as insignificant and which were seemingly
missed out at the particular P-value threshold. The operon information was predicted by
Pathway Tools [312]. Differential edges [313, 314] in response to carolacton treatment were

pooled together to form the final co-expression network.

3.5 Construction of Position Specific Scoring Matrices (PSSMs)
representing transcription factor binding motifs

Experimentally verified DNA binding sites of S. mutans transcription factors were retrieved
from literature when available. The comparitive genomics based approach using the concept
of regulogic extrapolation as explained in [216] was carried out to retrieve orthologous
regulatory relationships in S. mutans from experimentally verified relationships in B.subtilis.
Validated binding sites of B.subtilis transcription factors were retrieved from the DBTBS
database [214]. OrthoMCL [315], which is a genome-scale algorithm for grouping matching
protein sequences, was used to identify orthologous genes shared between S. mutans UA159
and other gram positive bacterial species including some representative species from the
Streptococcus genus. The OrthoMCL results were verified by manually searching for the
presence of commonly occurring domains in the protein sequences of the orthologous pairs of

transcription factors.
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Table 2. The list of S. mutans UA159 transcription factors and their binding motif
information compiled in this study. DNA binding motifs for 44 transcription factors
were mined out based either on the experimentally verified binding sites in S. mutans or
using comparative genomics approaches employing the concept of regulogs [216].
*When binding sites were extrapolated regulogically from B.subtilis, the information
such as sequence conservation, E-value, and commonly present domains (according to
SMART database) between the B.subtilis transcription factor and its ortholog in S.
mutans UA159 are shown. Sites from the regulogs in other species within the
Streptococcus genus were used to complement the regulogic sites in S. mutans so as to
improve the predictive power and information content of the resulting PSSMs. PSSMs
from the REGPRECISE database [231] were derived from already enriched sets of
regulogic sites. °indicates spaced motifs for which motif width is not a suitable indicative
parameter. *The optimal P-value and optimal weight score for PSSMs was determined
from the matrix-quality tool [316] analysis and subsequently used for pattern matching.
For PSSMs for which the optimal P-values could not be determined as a result of the low
complexity of the motifs, a string-search based tool called genome-scale dna pattern was
used to determine putative sites. These transcription factors are denoted by ‘DP’ under
the optimal P-value and optimal-weight score columns. TF: Transcription factor. BS:
Bacillus subtilis. AAA (SMART database accession number SM00382): Domain found in
ATPases associated with a variety of cellular processes; Bac_DnaA_C (SMU00760):
Domain representing the C-terminal regions of bacterial DnaA proteins; PDZ
(SM00228): Domain representing distinct regions found in diverse signalling proteins;
REC (SM00448): Type of response regulator domain; HTH_LUXR (SM00421): DNA-
bending helix-turn-helix domain present in transcriptional regulators of the LuxR/Fix]J
family of response regulators. HTH_MERR (SM00422): Domain found in
transcriptional regulators which bind DNA via a helix-turn-helix structure and which
mediate mercury-dependent induction of the mercury-resistance operon. CoA_binding
(SM00881): Domain found in a number of proteins including succinyl CoA synthases,
malate and ATP-citrate ligases. HTH_ARSR (SM00418): DNA-binding, winged helix-
turn-helix (WHTH) domain present in transcription regulators of the arsR/smtB family
and involved in stress-response to heavy metal ions; Trans_Reg_C (SM00862): Domain
found in the C-terminal regions of response regulator proteins.

The list of S. mutans UA159 transcription factors and their binding motif information compiled in this study

Total Informatio Optim
Locus tag of IUPAC TF informatio | n content al
S. mutans Motif binding motif n content per Optimal | weight
TF name | UA 159 TF TF description | Source of motifs* width consensus of PSSM column P-value” | score®
Putative
transcriptional
regulator of zinc amtTaACYRG
AdcR SMU_1995¢ homeostasis Regprecise 16 TtaAkt 12.0655 0.75409375 | 1.80E-05 | 8.9
Transcriptional
regulator of
arginine
biosynthesis ttKtatawwwAta 0.48654187
ArgR SMU_2097 and degradation | Regprecise 16 Maa 7.78467 5 2.40E-05 | 9
Biotin ATaGTTAAC-
biosynthesis (16)-
BirA SMU_1578 regulator Regprecise NA® GTTAACtAa - - DP DP
Catabolite
control protein wtGaaArCGyTt
CcpA SMU_1591 A. Regprecise 16 tCaw 9.59376 0.59961 2.60E-04 | 8
. Two component . N TTTAAG-(5)-
CiaR SMU_1129 response Regprecise NA aTTAAG - -- DP DP
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regulator

Transcriptional
repressor of

amino acid aattTTCwGAa 0.71259333

CodY SMU_1824c metabolism Regprecise 15 waTT 10.6889 3 493E-04 | 5.1
Response
regulator of
the competence 0.86280090

ComE SMU_1917 regulon Ref [97] 11 rGGaTTkrCCa | 9.49081 9 9.96E-05 | 5.8
Negative
copper
transcriptional tmRtytACAaat

CopY SMU_424 regulator Regprecise 20 GTArayww 12.9104 0.64552 4.08E-06 | 11
Putative
transcriptional
regulator of heat twwkkYttGaCY 0.46734583

CtsR SMU_2030 shock response Regprecise 24 aktyytGaCCaa 11.2163 3 1.70E-05 10.6
Transcriptional
regulator of TATCASmGyG
cysteine aTa 0.83403076

CysR SMU_852 metabolism Ref [352] 13 10.8424 9 4.12E-05 | 8
Chromosomal
replication DBTBS (BS, DnaA, 44%,

DnaA SMU_01 initiator protein 5e-128, AAA, Bac_DnaA_C) | 9 ttwtCcACA - - DP DP
Transcriptional
repressor of
the fructose

FruR SMU_870 operon Regprecise 10 tTGmtwGamw 6.17237 0.617237 4.7E-05 8.4
Putative ferric
uptake
regulator TtakAatsatTmT 0.66587666

FurR SMU_593 protein Regprecise 15 aa 9.98815 7 5.76E-05 | 8.9
Galactose
operon aaaatTTTASTA 0.58001578

GalR SMU_885 repressor Regprecise 19 AAatttt 11.0203 9 1.62E-05 | 1255
Glutamine
synthetase aTGTyAkrwaay 0.70555263

GInR SMU_363 repressor Regprecise 19 mTrACAt 13.4055 2 9.95E-05 | 59
Transcriptional
regulator of
homocysteine TaTaGCyaaCya 0.88127333

HomR SMU_930c¢ metabolism Ref [352] 15 TCa 13.2191 3 7.94E-06 | 10.1
Heat inducible TTAGCaSTCk
transcription wkkdamaaGAG

HrcA SMU_80 repressor Regprecise 27 TGCTAA 22.2571 0.824338 191E-05 | 5.9
HtrA
transcription DBTBS (BS, HtrA,38%, 3E-

HtrA SMU_2165¢ factor 75, PDZ) 8 TTTYCaCa - - Dp DP
Lactose

LacR SMU_1498 repressor Regprecise 9 aaaCaaaaa - - DP DP
Two component
response DBTBS (BS, Des,31%,6E- aTTTTtymkww

LevR SMU_1964¢ regulator 28,REC,HTH_LUXR) 17 mwkyrt - - DP DP
Putative
maltose operon
transcriptional ttayGCAArCGy

MalR SMU_1566 repressor Regprecise 20 TTGCrywa 15.3079 0.765395 3.27E-05 10
Cell envelope
stress response TTaCamtttTGT

MbrC SMU_1008 regulator Ref [95] 14 aa 11.074 0.791 1.38E-05 12.1
Regulator of
malolactic DBTBS (BS, HexR, 22%, aTCTaRyawaa

MleR SMU_135¢ fermentation 3E-10) 15 KRtG - - DP DP
MerR family DBTBS (BS, Mta, 37%, 7E- GaCYCtMmCS

Mta SMU_1790¢ 44 HTH_MERR) 23 14.3604 0.624364 2.08E-06 | 9.4

transcriptional

'mSSGtyatrGs
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regulator C
Putative
transcriptional
regulator of
methionine tATAGtttmaarC 0.71931176

MtaR SMU_1225 metabolism Regprecise 17 TATA 12.2283 5 6.03E-05 | 7.5
GntR family
transcriptional
regulator of N
acetylglucosami maatwGGwMT

NagR SMU_1065¢ ne utilization Regprecise 20 AtACCawttw 13.5623 0.678115 1.84E-05 | 9.1
MerR family
transcriptional
regulator
involved in
carbonyl stress vCTTGaCTTG 0.88596842

NmIR SMU_677 response Regprecise 19 RaGTYvaCT 16.8334 1 8.12E-06 | 8.3
Transcriptional
regulator of
ribonucleotide aCaCaAtATmT

NrdR SMU_1923¢ metabolism Regprecise 16 tGtGt 11.4352 0.7147 1.60E-05 10.9
Putative
transcriptional
regulator of TATTGTA-
pyridoxine (18)-

PdxR SMU_953¢ biosynthesis Regprecise NA® TACAATA - - DP DP
Two component
response DBTBS (BS, YycF, 71%, TGTamTrryGm

VicR SMU_I517¢ regulator 4E-114, REC, Trans_reg_C) 17 YGkmak 9.17903 0.539943 1.41E-05 | 9.7
Putative
transcriptional
regulator of
formate MGwAAywraw 0.61627894

PfIR SMU_491 metabolism Regprecise 19 tyaaTTwCG 11.7093 7 2.03E-05 | 8.4
Putative
transcriptional TaTraTmtAtTw 0.64104210

PipR SMU_2134 regulator Regprecise 19 tAtYatA 12.1798 5 9.34E-05 | 7.5
Purine operon DBTBS (BS, PurR, 51%, 2E-

PurR SMU_356 repressor 8 aaarCGaa - - DP DP
Pyrimidine CCTTTaaCmC
operon TGTCCCGTGa
regulatory DBTBS (BS, PyrR, 54%, 1E- GGCaGGCaaG

PyrR SMU_856 protein 63) 31 G 35.6892 1.15127 2.17E-06 | 16.7
Redox-sensing TTaGYSWMTT
transcriptional DBTBS (BS, Rex, 45%, 3e- TYTYwwCwaa

Rex SMU_1053 repressor 62, CoA_binding) 22 RR 15.6870 0.713044 7.84E-05 | 6.3
RNA
polymerase DBTBS (BS, SigB, 25%, 1E- ttGACa-N17-

RpoD SMU_822 sigma-70 factor | 14) NA® tatRat - - DP DP
Sucrose operon tmtGyCAarCGy

ScrR SMU_1844 repressor Regprecise 20 tTGrCaka 15.5795 0.778975 1.23E-05 | 9.5
Predicted
transcriptional DBTBS (BS, SdpR, 51%,

SdpR SMU_1647¢ regulator 7E-27, HTH_ARSR) 7 TCTAAAT - - Dp DP
Metal
dependent
transcriptional maaagamwsytks

SloR SMU_186 regulator Ref [18, 378] 22 SttatTtkS 8.47192 0.385087 8.46E-05 | 8.2
Putative
transcriptional
regulator of

SMU_11 transporter tTGTayyAtataa 0.63626363

93 SMU_1193 genes Regprecise 22 wtaRtACAa 13.9978 6 3.10E-05 | 89
TetR family

SMU_13 trancriptinal TatTSTtTwwT

49 SMU_1349 regulator Ref [346] 16 RwTwa - - DP DP
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Predicted

SMU_21 transcriptional DBTBS (BS, HxIR, 36%, CaCCyayvrTTT

25 SMU_2125 regulator 8E-17) 14 Tt - - DP DP
Putative
transcriptional
regulator of

SMU_28 ascorbate tTGaaCaCadrM

9 SMU_289 utilization genes | Regprecise 22 STGTGtKwYa 15.8219 0.719178 1.03E-05 | 8.6
Repressor of
the trehalose MMaaStTGYm

TreR SMU_2040 operon Regprecise 20 krCaaStTKK 13.2721 0.663605 4.08E-05 | 8

To increase the reliability of a particular predicted regulog in S. mutans, a check was
performed to ascertain if the regulog was conserved in at least some species within the
Streptococcus genus. Consensus motifs constructed from too few binding sites have a low
predictive value [316]. Hence the available binding sites were enriched with corresponding
putative sites from regulogs identified from different species within the Streptococcus genus.
In addition to the PSSMs constructed from manually identified regulogs, PSSMs were also
compiled from already assembled regulogic sites retrieved from the RegPrecise database
[231] and from phylogenetic footprinting studies (see Table 2 for more information). Each
resulting set of binding sites was submitted to consensus, which is a tool for mining out
conserved motifs. The tab-formatted PSSMs were then converted into TRANSFAC

formatted PSSMs which enable a user-friendly organization of pattern matching results.
3.6 Determination of optimal P-values for every PSSM

An online Regulatory Sequence Analysis Tool (RSAT) termed matrix-quality [316] which
objectively determines the optimal P-value for every PSSM was used. Medina-Rivera et al
[316] showed that the optimal P-values for each PSSM could be determined from the
divergence between the theoretical and empirical score distributions which in turn indicated
the ability of the PSSM to recognize high-scoring putative binding sites. These divergences
were captured by plotting the expected and empirical score distributions of predicted sites in
the whole set of upstream non-coding sequences for every PSSM, and for the randomly

permuted version of the PSSM [316].
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3.7 Prediction of putative binding sites by Pattern Matching

The TRANSFAC formatted PSSMs were then employed to search for putative sites using the
tool matrix-scan (http://rsat.ulb.ac.be/) [296, 317] with the determined optimal P-values set as
the cut-offs. Putative sites were searched for in the upstream regions (1000 bps upstream of
the start codon with no overlap with the coding regions of the preceeding ORF) of all genes in
the S. mutans UA159 genome. A markov order of 0 and a background model comprising S.
mutans specific upstream regions (no overlap with ORF coding regions) was used during the
pattern matching scan. The resulting sites with a P-value smaller than the determined optimal
P-value were considered as significant. In cases where the divergence between the theoretical
and empirical score distributions was not observed due to the inherent low complexity of the
motifs [316], a whole genome string-based site identification was performed using the non-
matrix based tool genome-scale dna pattern (http://rsat.ulb.ac.be/) [317] with an allowance
for a maximum of 2 mismatches. Both the forward and reverse strands were subject to the
pattern matching procedure. Genes with predicted binding sites were considered to be putative

target genes if the predicted sites were detected on any one of the two strands.

3.8 Biological context within the TRRN sub-networks

Even if the expression profiles of not all the genes in the same operon are well correlated with
the expression of a certain regulator gene, we assume that all the genes in the same operon
will be regulated by the regulator provided that the corresponding binding sites are found in
the upstream regulatory regions of the operon. This is what we refer to as operon-oriented
adjustment. To arrive at the TRRN, the co-expression network was superimposed onto the
regulator-target gene binding site map. The genes in each sub-network of the TRRN were
analysed to detect any significant over-representation of categories such as biological

functional classes, KEGG metabolic pathways and gene ontology terms. The hypergeometric
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distribution was employed to determine over-represented categories with the Network
Analysis tool compare-classes. Self and reciprocal comparisons were avoided. Enrichment
events with significance scores >=0 were considered as statistically significant. Gene
ontology information was retrieved from the Pathosystems Resource Integration Center
(PATRIC) [318]. All the network visualizations were performed using Cytoscape [319].
Network motifs were analysed using the tool MFINDER [320]. The significance of the
discovered motifs in the real network was determined in comparison to their occurrences after
10000 randomizations (at a P-value <=0.01). Heat map representation of metabolic pathways

was generated using the Mayday visualization tool version 2.12 [321].

3.9 Heterologous expression and purification of response

regulator proteins

Coding sequences corresponding to the S. mutans response regulators MbrC (SMU_1008) and
VicR (SMU_1517c) were PCR-amplified with Phusion-Polymerase (NEB) using primer pairs
MbrCFor/MbrCRev and VicRFor/VicRRev respectively (Table 3). Homologous flanks to the
vector sequence of pET28c were implemented at the 5° ends of the primer. The purified DNA
was subsequently cloned in expression vector pET28c (Novagen) cut with Ncol/Xhol
(Fermentas) using the CloneEZKit (Genescript). Resulting plasmids bearing the coding
sequence for a N-terminal His-Tag were verified by sequencing and transformed in BL21Star.
Cells were grown in 4l shaking flaks, induced with lmM IPTG at an ODggy of 0.5 and
harvested 4 hours after induction. The resulting cell pellet was re-suspended in lysis buffer
(50mM Tris, 150 mM NaCl, pH 7.4) supplemented with 4 mg/ml lysozyme (Sigma) and
frozen at —20°C. After de-freezing the pellet, 100ug DNAse I (Roche) and SmM MgSO4
(Sigma, final concentration) were added and 5 cycles of sonification for 60 seconds were
applied to lyse cells (duty cycle 0.5 Sec, pause 1 sec, amplitude 60%) [380] (courtesy Dr.

Reck, HZI, Braunschweig).
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Table 3. Primers used for the PCR-amplification of the coding sequences of the response
regulators MbrC and VicR of S. mutans as well as for the amplification of the potential
MbrC binding sites in the promoter regions of known and predicted targets

Primer Nucleotide sequence (5°- 3%) Purpose
MbrCFor taagaaggagatataccatggctatgctaaagcaagaaaaaatttac Expression of MbrC
MbrCRev gtggtggtggteggtactcgagtttaattaaataccetactectett Expression of MbrC
VicRFor taagaaggagatataccatggctatgaagaaaattctaatcgttgacg Expression of VicR
VicRRev gtggtggtggtggtectcgaggteatatgatttcatgtaataacca Expression of VicR
Forward primer for amplification of MbrC
binding site in the SMU_1006 promoter
EM1006F gagctgtaaatttctcaggcettct (positive control)
Reverse primer for amplification of MbrC
binding site in the SMU_1006 promoter
EM1006R ttgatttctaaaaacatagcttctce (positive control)
Forward primer for amplification of
potential MbrC binding site in the
EMG610F tttgtgctttagaattaatgttgga SMU_610 promoter
Reverse primer for amplification of
potential MbrC binding site in the
EM610R ttttacttttacgaaaaccgtaagtt SMU_610 promoter
Forward primer for amplification of
potential MbrC binding site in the
EM718F ttgcaagcaagcaataaatatga SMU_718 promoter
Reverse primer for amplification of
potential MbrC binding site in the
EM718R ttagcatcttggatagcagtgta SMU_718 promoter

Finally 0.1% NP40 (Sigma, final concentration) and 10 mM imidazol (Sigma, final

concentration) were added and cell debris was removed by centrifugation and filtration (0.45

um). His-tagged proteins were purified on a HIS-Talon (Clontech) column using a Duo Flow

FPLC (Biorad) at a flow rate of 0.5 ml/h. Resulting purified proteins were desalted using

PD10 columns (Amersham), eluted in 1xPBS buffer and measured using a spectrophotometer

(Nanodrop ND1000, Peqlab) to determine the protein concentration. The response regulator

was over 99% pure as confirmed by SDS-PAGE (data not shown). Promoter regions
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containing the potential binding sites of MbrC were PCR amplified using Taq-polymerase.
The primers used are listed in Table 3. PCR-products were purified using the PCR-
Purification Kit (Qiagen) and used as targets for EMSA [380] (courtesy Dr. Reck, HZI,

Braunschweig).
3.10 Deletion of potential binding sites

Potential binding sites of the response regulator MbrC were deleted using a PCR-driven
overlap extension method. Motifs in the promoter regions of SMU_610, SMU_718, and
SMU_1006 were deleted by two initial PCRs generating overlapping DNA sequences. Taq
polymerase (Qiagen) was used for the amplification of regions flanking the potential binding
sites. PCR-products were purified from an agarose gel using the Gel Extraction Kit (Qiagen)
and used as template for a third PCR with Phusion polymerase using primers (Table 4)
spanning the whole region. Purified PCR-products were cloned blunt-end in the EcoRV
restriction site of vector pGEMSZf (+) (Promega). Resulting plasmids were verified by
sequencing and used as template for a PCR to finally generate the DNA-targets for EMSA

[380] (courtesy Dr. Reck, HZI, Braunschweig).

Table 4. Primers used for the deletion of MbrC binding sites

Primer | Nucleotide sequence (5°- 3%) Purpose

610Dell | tttgtaatataaattgatttgatttgtcaaattttttgettg | Deletion of potential MbrC site in SMU_610 promoter

610Del2 | tcaaatcaatttatattacaaaaatatatttggaagattta | Deletion of potential MbrC site in SMU_610 promoter

718Dell | ttcctaatttctctatcttactaaaaattagettatttgte | Deletion of potential MbrC site in SMU_718 promoter

718Del2 | tagtaagatagagaaattaggaaccagtatgtcaatta | Deletion of potential MbrC site in SMU_718 promoter

1006Dell ttaatgtcaattacgattctttaagtg Deletion of MbrC site in SMU_1006 promoter

1006Del2 aaagaatcgtaattgacattaatttaat Deletion of MbrC site in SMU_1006 promoter
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3.11 EMSA procedure

The response regulator (MbrC and VicR) proteins were activated by acetylphosphate (Sigma).
An aliqot of the protein was incubated for 2h at RT (room temperature) in reaction buffer
(25mM acetylphosphate, 5S0mM Tris-Hcl, SOmM KCI, 10mM MgCl,, 4mM dithiothreitol) as
described previously. Excess of acetylphosphate was removed by filtration and the protein
was serially diluted in binding buffer (10 mM Tris, ImM EDTA, 100mM KCl, 100uM DTT,
5% vol/vol glycerol, 10pug/ml BSA, pH 7.5). 0.5 pmol of target and competitor DNA was
added to each reaction and incubated for 1h at RT. The unrelated response regulator VicR
which has a similar MW and pl as the response regulator MbrC under study was used as a
negative control to rule out unspecific DNA binding. 4ul of the reaction mixture was applied
on a 5% acrylamide gel run in Tris-borate-EDTA (TBE) buffer at pH 7.4. Gels were stained
using SybrGold and visualized in a transilluminator (Alpha DigiDoc, Biorad) at 254 nm [380]

(courtesy Dr. Reck, HZI, Braunschweig).

3.12 Construction of gene deletion mutants and a cysR
complementation strain

Upstream and downstream flanking regions of cysR were PCR-amplified using primers CysR
P1/2 and CysR P3/4 (see Table S for the primers used to generate deletion mutants) and
genomic DNA of S. mutans UA159 as template. The erythromycin resistance cassette was
amplified from genomic DNA of a previously constructed mutant [10]. Restriction sites of
Ascl and Fsel were introduced via the 5°-termini of the primers. After restriction digestion of
purified PCR-products with the appropriate restriction enzymes, the up and downstream
flanks were ligated to the ERM cassette using T4 DNA Ligase and directly transformed in the

S. mutans UA159 WT strain according to the procedure of Li et al [134]. Gene deletion
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strains were selected on THBY agar plates containing 10pg/ml erythromycin. Genomic DNA
of isolated clones was analysed with PCR and primers P1 and P4 spanning the entire gene
deletion construct. Sequencing was used to further confirm the correct insertion of the gene
deletion construct via double homologous recombination. For the generation of four other
gene deletion strains (g/nR, fabT, rgg and spxA), a similar equivalent procedure was carried

out [380] (courtesy Dr. Reck, HZI, Braunschweig).

Table S. Primers used for constructing the gene deletion mutants

Primer Sequence Function
CysR-P1 TGTCAAACGCGAGGTGTTAG cysR deletion
CysR-P2 GGCGCGCCCGAAAGGTACCGCTGTTAGC cysR deletion
CysR-P3 GGCCGGCCCTTATCCACGTGTGCTCTCAAA cysR deletion
CysR-P4 GCCTGATGTGCTTGATCATTT cysR deletion
FabT-P1 TTCGCATTGCAGAACTTGTC fabT deletion
FabT-P2 GGCGCGCCGTTTTCAAGCTCATCTCTTCGAT fabT deletion
FabT-P3 GGCCGGCCTGGTGCTTTGGAGAAGGGGTTA fabT deletion
FabT-P4 TTCCATTTTCGACACATTCG fabT deletion
Rgg-P1 CACGTAAGAGCAACAATCTAGCC rgg deletion
Rgg-P2 GGCGCGCCTTCATTTTTAGACCGCGTGA rgg deletion
Rgg-P3 GGCCGGCCAGCAATGAAATTGGCAGGGAGT rgg deletion
Rgg-P4 GACATCACTTTCATTTGGAGGA rgg deletion
SpxA-Pl1 TGGGCTTCATAGAGGGCATA spxA deletion
SpxA-P2 GGCGCGCCCTCGCTTTACGGCAGCTTGTA spxA deletion
SpxA-P3 GGCCGGCCTCGCAAACAAGAACTGCGTCAA spxA deletion
SpxA-P4 CAGCAGCATAGTCCCAAGGT spxA deletion
GInR-P1 TAGCAAAGGGGTGGATTTGT gInR deletion
GInR-P2 GGCGCGCCATAGGAAAAACCGCCATTGA gInR deletion
GInR-P3 GGCCGGCCACGCAACATCTTGGTGGTTTA gInR deletion
GInR-P4 GGAGCTTCATAACCAGGAACC gInR deletion
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C-CysR1-F GTGGCAGGTTATGTTAATAAAGGCGAA Complementation cysR
C-CysR1-R CCTAGACGAATATATTTGACAACAAAAAACTTG Complementation cysR
Q-CysR1-F CCTTTGCTGACTGCCTTTTC Quantitative RT-PCR
Q-CysR1-R GTGTCCTTGGGCAACTTCAT Quantitative RT-PCR
Q-CysR2-F CTTTGCTGACTGCCTTTTCC Quantitative RT-PCR
Q-CysR2-R TCGGTCGGTCACATTGTAAA Quantitative RT-PCR
Q-CysR3-F TTGTCAGTCAGCCCAGTTTG Quantitative RT-PCR
Q-CysR3-R TCGGTCGGTCACATTGTAAA Quantitative RT-PCR
ComE-F GCGATGGTCGACAATTATATAATCAATTGACAACGGC RT-PCR positive
control
ComE-R GCGATGGTCGACTCATTTTGCTCTCCTTTGATCAG RT-PCR positive
control
ComX-F ATTCCGGCATAGCTCAGTTG RT-PCR positive
control
ComX-R GCGATGCATATGTTTTAGCCGGAGCTTTTTCA RT-PCR positive
control

RNA was isolated from the exponentially growing cysR gene deletion strain and was verified
for the absence of cysR mRNA with RT-PCR using the 3 primer pairs Q-CYSRI1-F/R; Q-
CYSR2-F/R; Q-CYSR3-F/R. Primers specific for the ComX (ComX F/R) and ComE (ComE
F/R) encoding genes were used as positive controls for the RT-PCR reaction. Reactions in
which the reverse transcriptase was replaced with water functioned as negative controls. For
the complementation of the cysR gene deletion strain, the entire cysR gene including its
promoter region were PCR-amplified with primers C-CYSR1-F and C-CYSR1-R and cloned
blunt end via the Smal restriction site in the replicative plasmid pDL278 [322]. Resulting
plasmids were verified by sequencing and transformed in the cysR gene deletion strain as

described elsewhere [134] (courtesy Dr. Reck, HZI, Braunschweig).
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3.13 Viability measurements of the carolacton treated cysR
deletion strain using Live/Dead viability staining and by Cfu
determination

Viability measurements using live/dead viability staining of carolacton treated and untreated
biofilms of the S. mutans UA159 wildtype, gene deletion and complementation strains were
essentially performed as previously described [10]. Biofilms of S. mutans UA159 WT were
used as positive control. The experiment was repeated in two biological replicates. For the cfu
determination, biofilms representing one condition were harvested and pooled from 5
individual wells. Chains and biofilm clumps were dispersed and destroyed using mild
ultrasonification conditions as described before [323] and plated on THBY-agar plates
(containing 10pg/ml erythromycin for the mutant) in 3 technical replicates. Live dead staining
before and after sonification verified that the sonification had no significant influence on cell
viability. The overall experiment was repeated in 2 biological replicates [380] (courtesy Dr.

Reck, HZI, Braunschweig).
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Chapter 4. Results: Network construction and analysis

4.1 Dynamic genomewide transcriptome profiling

A high-resolution transcriptomic time-course experiment with S. mutans biofilms (with 11
samples taken from 5 to 300 min post carolacton treatment) was performed to capture the
temporal response over an extended period of time. Our time series dataset included a sample
taken at 5 min post carolacton treatment and is expected to identify genes whose expression
patterns were immediately affected by carolacton. A total of 772 GTAAs (gene transcripts
with altered abundances) were identified at a log-fold threshold >=0.8. It can be inferred from
Figure 15 that the number of GTAAs increased with time post carolacton treatment. Except at
5 mins (where no gene was classified as a downregulated GTAA at the cutoff employed), the

number of downregulated GTAAs was always greater than that of upregulated ones

4.2 Over-represented functional categories in the up- and

downregulated GTAAs

Enrichment analysis with respect to gene functions according to the common functional
classification and KEGG metabolic pathways was performed separately with the set of up-
regulated GTAAs and the set of down-regulated GTAAs at every time point in order to gain
an overview of the various functional categories of genes affected by carolacton. The results
from the enrichment analysis of upregulated GTAAs indicated that transcripts from the
pyrimidine ribonucleotide biosynthesis (P-value <= 4.09E-18), nucleosides, purines and
pyrimidines’ transport (P-value <= 2.45E-2), and metabolism of alanine, aspartate and

glutamate (P-value <= 7.2E-4) were most significantly over-represented at both 5 min and 20

min but not at 40 min.
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Figure 15. Temporal progression of the number of up- and downregulated GTAAs
(Gene Transcripts with Altered Abundances) in S. mutans biofilms upon treatment with
the biofilm inhibitor carolacton. Carolacton treatment resulted in the changes in the
expression of 772 genes (absolute fold change >= 0.8 at any one of the sampling times)
when compared to the non treated condition.

Especially, pyrimidine ribonucleotide biosynthesis and metabolism were among the most
significantly over-represented functional classes within the set of upregulated GTAAs at 5
min post carolacton treatment, suggesting an essential role of pyrimidine biosynthesis and
metabolism in the initial response of S. mutans to carolacton. At later time points, more gene

functional categories were found to be over-represented among the set of upregulated GTAAs

due to probable “spill-over” effects of secondary responses and/or downstream events.

Enrichment analysis of the downregulated GTAAs at 20 min revealed categories such as
glutamate biosynthesis, TCA cycle, anaerobic energy metabolism, glyoxylate and
dicarboxylate metabolism, nitrogen metabolism as well the signal transduction related two
component systems (TCSs). TCS impart various virulence attributes to S. mutans by sensing
and responding to various stress signals, enabling it to survive and tolerate unfavourable
conditions [85, 324]. Among the TCS genes with altered transcript abundances is the vicRK
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TCS which is responsible for many of the pathogenic and virulence attributes of S. mutans
[19, 82, 84, 94, 96, 109, 325] as well as harboring the essential response regulator vicR. The
set of downregulated GTAAS in the later phases starting from 20 min was also found to be
enriched with more categories over the course of the experiment. In general, downregulated
GTAAs in the early part of the response were enriched with categories corresponding to the
processes of signaling, energy metabolism and amino acid metabolism. Interestingly, genes of
the alanine, aspartate and glutamate metabolic pathways were found to be over-represented in
both the up- and downregulated GTAA sets at the time point of 20 min after carolacton
treatment, suggesting enzymes from these pathways are modulated differently in response to
carolacton. The information from this time-series transcriptome data largely agree with those
from a previous study by Reck et al [10] where only five sampling points were used; they
show the reproducibility of the transcriptome analysis and also provide a fine temporal

resolution which is important for deciphering the network level responses to carolacton.
4.3 Contextual co-expression network

In order to identify co-expression relationships among genes immediately affected by
carolacton, the co-expression network was confined to statistically significant optimal
correlations which started either from 0, 5 or 20 min after carolacton treatment. The
contextual co-expression network inferred according to the workflow shown in Figure 16
consisted of 8284 edges (gene-gene co-expression relationships). 5430 (65.5%) of the 8284
edges were characterized by time lagged co-expression relationships. 3959 (47.7%) of the co-
expression relationships could be described as being inverted (opposite change trend in
expression) whereas the remaining were described as being positive (same change trend in

expression).
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4.4 Regulator-target gene binding site map of S. mutans UA159

Of the more than 100 known and predicted transcriptional regulators in the S. mutans UA159
genome, only a few have been studied experimentally and an even smaller number
characterized with respect to their binding site(s). The non-availability of experimentally
verified transcriptional regulatory binding sites for the S. mutans transcriptional factors was
compensated by applying comparative genomic approaches [216, 286, 287]. Binding site data
for 44 transcriptional regulators were recovered from different sources such as experimental
data from S. mutans itself as well as information from comparative genomic analysis (see
Table 2 for more information on the motifs corresponding to the 44 transcriptional

regulators).
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generation, algorithms, data processing, network and experimental analyses. * indicates
the reference [22].

77



Chapter 4. Results: Network construction and analysis

In cases where the collective number of binding sites inferred for a transcriptional regulator
were fewer or equal to three, respective regulogic sites [231] from other species within the
Streptococccus genus were retrieved. These were then used to construct PSSMs (Position
Specific Scoring Matrices representing the binding motif consensus of transcription factors)

with improved predictive capacities.

PSSMs were also constructed from regulogic sites available in the RegPrecise database [231].
Since the predictive capacity of each PSSM differs from case to case (due to its varying
information content), a generic or common P-value could not be used to screen out “putative-
target hits” (i.e genes or operons harboring binding sites predicted by the corresponding
PSSMs). An online Regulatory Sequence Analysis Tool (RSAT) termed matrix-quality [316]
was used to objectively determine the optimal P-value for every PSSM. The PSSMs were then
used to predict binding sites (at the corresponding optimal P-values) in the upstream
regulatory regions of all the genes in the S. mutans UA159 genome. A total of 1397 unique
regulator-target gene relationships (corresponding to 2056 predicted binding sites) based on
binding site data alone corresponding to 44 S. mutans UA159 transcriptional regulators were
thus compiled. After integrating operon structure information, 2445 regulator-target gene
relationships were found to comprise the final regulator-target gene binding site map. The
global regulators CcpA (catabolite repressor protein) and CodY (global regulator of amino
acid metabolism) together accounted for ~29.22% of the 2445 regulator-target gene

relationships based on binding sites.
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4.5 Transcriptional Regulatory Response Network (TRRN) of S.

mutans under carolacton treatment

Combining inferred correlations in the co-expression network and the regulator-binding site
map resulted in 227 transcriptional response regulatory relationships with predicted direct
biological causality. After operon-oriented adjustment, the transcriptional response regulatory
network (TRRN) (Figure 17) comprised 329 relationships among 307 genes, of which 37
were found to be transcription factors. Based on the predicted transcriptional regulatory
connections, the TRRN genes could be organized into 27 co-regulated groups or sub-
networks. A co-regulated group or sub-network is defined as a set of genes which are
putatively regulated by a common transcription factor. 10 of the 37 regulators were associated
with predicted incoming connections only and were contained within the 27 sub-networks
with different size distributions. The largest sub-networks was that putatively modulated by
CodY (which is a known global regulator [122]) and comprised 84 genes. The second largest
sub-network consisted of 26 genes under the putative control of CysR (the cysteine
metabolism regulatory protein encoded by SMU_852) followed by two sub-networks each
containing 22 genes and predicted to be modulated by the essential response regulator VicR

and the global regulator CcpA respectively.

4.6 Structural analysis of the TRRN

The TRRN (Figure 17) represents a “waterfall-like” model with respect to its global structure
and hierarchy [326, 327] with some regulators also exerting control over other sub-networks
by putatively modulating the expression of their corresponding transcription factors. For
example, it can be seen from the inferred TRRN (Figure 17) that the global regulator CodY
putatively regulates the expression of two distinct genes encoding the TCS response
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regulators VicR and ComE, thus potentially exerting an indirect influence on their sub-
networks as well. Other examples of this kind of hierarchical relationship were also observed
in the TRRN. Although the concept of global hierarchical organization was observed in the
regulatory response network studied herein, it was nevertheless confined only to a double-
layered hierarchy as opposed to multi-layered hierarchies reported in well-studied organisms
[327, 328]. This could primarily be due to the lack of biological connectivity data; firstly as a
result of the limited experimentally verified binding site information of S. mutans
transcription factors. And secondly, the functional or evolutionary divergence of S. mutans
transcription factors from their corresponding orthologs (with experimentally verified sites) in
well-known model organisms may have a limiting influence on the comparative genomic
based extrapolation of binding sites [216]. Thirdly, the double-layered hierarchy could also be
attributed to the absence of modulation of actual regulatory relationships in the studied
biological context although the incompleteness of the network owing to lack of motif

information is more plausible.

Overlap between sub-networks previously observed in bacteria [329, 330] is also a
characteristic of the inferred TRRN. 40 of the 283 TRRN target genes with predicted
incoming regulatory connections were found to be under the putative control of more than one
transcriptional regulator (implying an incoming degree > 1). From a local network structure
point of view, putative interactions involving genes belonging to just one sub-network
resemble single input motifs (SIM) whereas genes belonging to multiple sub-networks form
multiple input motifs (MIMs) [331]. Besides MIMs, overlap between sub-networks could be
caused by more complicated motifs such as the feed forward loop (FFL) in which a regulator
encoding gene is modulated by another regulator, both of which control the expression of a
common gene [332]. If multiple genes are controlled by a single FFL, then it is termed as a

multi-output FFL (MOFFL) [333].
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Table 6 lists the various motif types identified (P-value <= 0.01 after 10000 randomizations)
in the carolacton context dependent TRRN among which were found 4 FFLs including other
motifs such as regulatory bi-fans [331] and their derivatives [334]. Local network topologies
such as the motifs found here are consistent with previous observations in other organisms
[331-333, 335] and could be important for eliciting quick and flexible responses to stimuli
[332]. Although the exact biological mechanisms which give rise to such motifs remain to be
understood, these observations can be used for detailed quantitative modeling of smaller sub-

systems involved in the response of S. mutans biofilms to carolacton.
4.7 Biological context within the TRRN sub-networks

Put together, 22 enrichment events involving 6 KEGG metabolic pathways, 7 biological
functional classes and 6 gene ontology terms were collectively identified within the 27 sub-
networks. At least 7 cases of functional enrichment events were observed in which the
transcription factor or regulator belonged to the same functional category as that found to be
over-represented in its corresponding sub-network, confirming that the constructed regulatory
network is biologically meaningful. For instance, the carolacton context TRRN genes co-
regulated by the glutamine synthetase repressor GInR known to control glutamine metabolism
[76] in S. mutans were enriched with genes belonging to the functional categories “Amino

acid biosynthesis” and “Nitrogen metabolism”.
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Table 6. The different types of local network motifs identified in the S. mutans TRRN
upon carolacton treatment. The motifs were identified and their corresponding
statistical scores determined using the MFINDER tool [320, 334]. °after 10000
randomizations. *SD denotes the standard deviation of the number of occurrences of the
motif in randomized networks. *The “Z score” is a measure of the statistical significance
of the motifs and is determined as (Myea) - Myana) / SD. Motifs with P-values <= 0.01 were
considered as significant.

Network Motif Common name Number of | Number of | Z score
occurrences occurrences of motif
in the real network | in the randomized® occurre

A
(Myea) network (Mpng) +- | ™€
SD#*
o Feed forward loop | 11 25+ 1.8 4.72
(FFL)
Bi-fan motif 55 9.5+-43 10.58
Multiple input | 3 2.6 +- 0.6 0.67
module (MIM)
-- 12 2.8 +-2.6 3.54
Possible bi-fan | 17 1.3+-21 7.48
derivative
-- 162 39.6 +- 27 4.53
-- 401 153 +- 133 1.86
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On closer observation, most of the genes within the GInR sub-network were related to
glutamine metabolism. Genes belonging to the biological functional class of cell envelope
metabolism were over-represented in the sub-network regulated by the response regulator
MbrC associated with cell envelope stress response [95]. Similarly, the genes putatively
modulated by the pyrimidine regulatory protein PyrR contained an over-representation of
pyrimidine metabolism genes. Several instances were also observed in which the functional
category to which the regulator belonged to was different from that found to be over
represented within the sub-network (Figure 18, Table 7). Besides the above described intra-
and inter categorical relationships between regulators and target genes, the TRRN also

contained already verified regulatory relationships.

Table 7. List of enriched categories in the co-regulated groups (sub-networks) of the S.
mutansTRRN upon carolacton treatment. Over-represented categories include KEGG
metabolic pathways (KEGG MP), Biological functional classes (BFC) and gene ontology
terms (GO). The details pertaining to the calculation of the significance scores were
provided in the material and methods chapter.

Number of

genes in Number of

the genes in the . E- value of
Enriched Category | Co-regulated category co-regulated | Intersection | p.yalye of Intersectio | Significance
category term type group(CG) [A] groups [B] (AT B) Intersection n score
Oxidative KEGG
phosphorylation MP ctsR CG 10 11 8 1.70E-15 3.84E-12 11.42

KEGG

Ribosome MP SMU.2125 CG 49 14 9 8.40E-09 1.90E-05 4.72
Pyrimidine KEGG
metabolism MP pyrR CG 40 9 6 7.60E-07 0.00172 2.76
Valine leucine
and isoleucine KEGG
biosynthesis MP codY CG 19 84 9 3.60E-05 0.08243 1.08
Galactose KEGG
metabolism MP galR CG 18 7 3 0.00031 0.69901 0.16
Nitrogen KEGG
metabolism MP glnR CG 10 13 3 0.00037 0.83221 0.08
Purines
pyrimidines
nucleosides and
nucleotides BFC pyrR CG 61 9 8 5.20E-12 2.60E-09 8.58
Protein synthesis | BFC SMU.2125 CG 123 14 9 1.90E-08 9.60E-06 5.02
Amino acid
biosynthesis BFC codY CG 86 84 17 4.60E-08 2.40E-05 4.63
Energy
metabolism BFC ctsR CG 149 11 8 1.30E-07 6.90E-05 4.16
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Cell envelope BFC mbrC CG 81 4 3 0.00027 0.13868 0.86
Transport and

binding proteins BFC SMU.1193 CG 210 14 7 0.00027 0.14075 0.85
Signal

transduction BFC ccpA CG 61 22 5 0.00045 0.23044 0.64
Transport and

binding proteins BFC homR CG 210 5 4 0.00061 0.3109 0.51
Transport and

binding proteins BFC ccpA CG 210 22 8 0.00135 0.6938 0.16
Amino acid

biosynthesis BFC glnR CG 86 13 4 0.00188 0.96285 0.02

Hydrogen ion
transporting
ATPase activity,

rotational

mechanism GO ctsR CG 8 11 8 3.50E-17 4.50E-13 12.35
Hydrogen ion

transporting ATP

synthase activity,

rotational

mechanism GO ctsR CG 8 11 8 3.50E-17 4.50E-13 12.35
Ribosome GO SMU.2125 CG 48 14 9 6.40E-09 8.10E-05 4.09
Structural

constituent of

ribosome GO SMU.2125 CG 49 14 9 7.80E-09 9.90E-05 4
Translation GO SMU.2125 CG 55 14 9 2.30E-08 0.0003 3.53
Intracellular GO SMU.2125 CG 69 14 8 3.50E-06 0.0449 1.35

85




Chapter 4. Results: Network construction and analysis

sIoR dnaA

l/

)

S".‘B vicR

smu.11fg7“i.
P
w @O

ctsR ccpA
BN

pipR sdpR malR ciaR
| ! | l
e & ©

PURINE,
OXIDATIVE PYRIMIDINE,
PHOSPHORYLATION

BIOSYNTHESIS
@ RIBOSOME
. PYRIMIDINE

METABOLISM

N

o

PROTEIN
SYNTHESIS

AMINO ACID
BIOSYNTHESIS

VALINE LEUCINE
AND ISOLEUCINE
BIOSYNTHESIS

ENERGY
METABOLISM

CELL
ENVELOPE

GALACTOSE
METABOLISM

TRANSPORT
AND
BINDING

NITROGEN
METABOLISM

NS

cy_sR mieR
\ /| / \
@) s u29os

rgg
|
)
/gInR

® = \5®

mtaR pyrR homR rﬁbrC
SN.QB

o @ O® ©
nagRk fruR nmiR [fur hreA

oLl
® 6 @ 0 O

SIGNAL HYDROGEN ION
.TmmsnumoN & TRANSPORTING
ATP SYNTHASE
TRANSPORT AND ACTIVITY
BINDING PROTEINS
A RIBOSOME
TRANSPORT AND
BINDING PROTEINS STRUCTURAL
‘ CONSTITUENT OF
@ AMINO ACID RIBOSOME
BIOSYTHESIS
A INTRACELLULAR
HYDROGEN ION
A TRANSPORTING
TRANSLATION

ATPase ACTIVITY ‘

Figure 18. Categorical enrichment within the sub-networks comprising the S. mutans
biofilms TRRN upon carolacton treatment. The co-regulated groups or sub-networks
within the TRRN were found to be enriched with functional categories such as KEGG
metabolic pathways, biological functional classes and gene ontology terms thus lending
biological meaning to the inferred regulatory response network. Co-regulated groups
denote sets of genes predicted to be commonly modulated by a transcription factor
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(indicated by ). The regulatory response network also includes other transcriptional
factors with only incoming connections (@) and found to be among the co-regulated
groups. Some of the sub-networks were found to be enriched with functional categories

such as KEGG metabolic pathways (O), biological functional classes (O) and gene

ontology terms (A) whereas others did not display any enrichment (@). Black edges
with ellipsoid target edges (==#) represent relationships with dual regulation between
the regulator and the co-regulated genes. Dual regulation indicates that within sub-
networks (consisting of genes commonly predicted to be modulated by a particular
transcription factor), there are transcriptional regulatory relationships some of which
are characterized by positive (activational) expression patterns and others by inverted
(repressive) expression patterns.The meanings of all the other arrow symbols are as
described in the legend of Figure 17.

4.8 TRRN sub-networks co-regulated by global transcription

factors

The sub-networks of two global transcriptional regulators namely CodY and CcpA [71, 122]
were among the top three sub-networks in terms of the number of genes regulated. CcpA is
reported to modulate sugar uptake and metabolism, carbon catabolite repression and
expression of virulence-related genes in S. mutans [71]. The treatment of S. mutans biofilms
with carolacton caused an immediate downregulation of CcpA modulated genes (Figure 19).
The CcpA sub-network consists of genes encoding components of two mannose-specific
phosphotransferase systems (ptmAC (manLM)-SMU_1879 and SMU_1960c-SMU_1961c)
[72, 119, 336], as well as three ATP dependent transporter complexes (msmEFG, SMU_921-
SMU_922 and SMU_1315¢-SMU_1317c) among others. While msmEFG is reportedly
involved in the energy-dependent transport of multiple sugars such as stachyose and raffinose

[337], the substrate specificities of the other two gene clusters are unknown.
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Figure 20. Normalized expression profiles of genes co-regulated by the global
transcription factor CodY. Only genes which showed expression patterns that are non-
inverted with that of codY expression are shown here.
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Genes in the sub-networks of other sugar-specific transcription factors such as the repressors
for galactose (GalR) and fructose (FruR) were also found to be downregulated. Sugars serve
among others as substrates for the synthesis of glucans and associated by-products required
for the adherence of cells to the tooth surface and the formation of biofilms, as well as for the

formation of organic acids which aid cariogenic disease progression [28, 338-341].

The gene cluster co-regulated by CodY (Figure 20) is enriched with genes belonging to the
biosynthesis and metabolism of amino acids, particularly the branched chain amino acids such
as leucine, valine and isoleucine. The control of the metabolism of these amino acids by
CodY has already been reported [122]. Hence, from the analysis of the regulatory response
network, it can be stated that carolacton has an inhibitory effect on the central metabolism of
sugars and amino acids by downregulating sub-networks modulated by the global

transcriptional factors CcpA and CodY.

4.9 Immediate induction of the pyrimidine metabolism

Peptidoglycan is an important constitutent of the gram positive cell-wall. It is expected that
cell membrane damage and biofilm inhibition would have a substantial effect on pathways
and genes related to its synthesis and metabolism. UDP-N-acetylglucosamine, a key
intermediate in the biosynthetic process of the cell wall component peptidoglycan, is
produced by glycolysis, sugar metabolism as well as the pyrimidine metabolic pathway [342].
Expression data indicate the absence of immediate modulation and the downregulation at later
time points of the glycolytic pathway as well as of the pathways related to the metabolism of

various sugars such as fructose, mannose and galactose.
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Chapter 4. Results: Network construction and analysis

On the contrary, two operons encoding pyrimidine biosynthesis genes (namely the pyrEFDZ
and pyrRPBA-carB operons) belonging to the PyrR sub-network and coding for the enzymes
of the pyrimidine metabolism pathway (Figure 21) were upregulated by about 1 to 1.8 fold at
5 min post treatment (Figure 22). It is of note that most of the genes in the pyrimidine
metabolism pathway were not transcriptionally altered with the exception of the two strongly
upregulated pyrEFDZ and pyrRPBA-carB operons. These operons encode enzymes catalyzing
the biochemical steps leading to the production of UMP and UDP (see Figure 21) suggesting
that this part of the pathway is specifically activated. An upregulation of the pyrimidine
metabolism pathway would produce pools of UDP-N-acetlyglucosamine (UDP-N-AG) for
peptidoglycan synthesis in response to carolacton-induced membrane and cell wall damage.
The upregulation of pyrimidine biosynthetic steps was also observed in an S.aureus strain

harboring a mutation of a two component system essential for cell wall metabolism [343].

4.10 Carolacton affects glutamine metabolism

Genes in the TRRN predicted to be co-regulated by the glutamine synthetase repressor GInR
along with g/nR itself were associated with a sharp downregulation initially (Figure 23). It is
known that glutamine is an important source of nitrogen for S. mutans [77]. Some of the
GInR-modulated genes in response to carolacton treatment included a glutamine transporter
gene-cluster (SMU_1519-SMU_1522), the glutamine/glutamate biosynthesis operon (g/nRA-
gltAD), as well as an operon consisting of the putative ammonium transporter coding gene

nrgA and the nitrogen regulatory protein coding gene glnB.
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Chapter 4. Results: Network construction and analysis

Other glutamate and glutamine metabolism related genes such as citZH and idh [344], whose
modulation was also reported to be mediated by GInR [76], were downregulated initially until
20 min post carolacton addition. The protein products of the citZH and idh genes catalyze the
steps leading to the formation of alpha-ketoglutarate from oxaloacetate (feeding the de-novo
glutamine synthesis pathway) [344]. The expression pattern of the genes predicted to be
controlled by GInR suggests an activational (positive) rather than an inverted (negative)
relationship. But GInR is known to function as a repressor protein. However, this does not
seem to be a conflictory observation since GInR orthologs have been known to have dual
activator-repressor functions [345]. Hence, the S. mutans GInR could also be a dual regulator
given that several transcriptional regulators with dual functions have been reported earlier in
S. mutans [97, 346, 378]. This could explain the activational or positive modulation of GInR-
controlled genes. Glutamate is known to play a role in the acid tolerance response (ATR)
mechanism of S. mutans [347-349] which is crucial for the survival and adaptation of S.
mutans. Carolacton has the maximum effect in terms of membrane damage and cell death in
actively growing biofilm cultures at low pH. But the transcriptional changes (immediate
downregulation until 20 min post treatment) of g/nR and its target genes occurred at a neutral
pH (data not shown) thus ruling out ATR as a cause for the modulation of GInR mediated
genes. At later time points which correspond to a low pH, indeed the upregulation of the
GInR-modulated genes occurred although a downregulation should have been the expected
trend to enhance the ATR. This suggests that carolacton either abolishes the ATR mediated
via glutamate or weakens it due to the disturbed glutamine metabolism. Alternatively, the
upregulation of the GInR sub-network after the initial downregulation could possibly be
explained as a means to provide precursors for peptidoglycan biosynthesis. Thus, it is
plausible that the pyrimidine metabolism is induced to feed the peptidoglycan biosynthesis
during the initial phase (until 20 min after carolacton treatment) followed by the upregulation

of the glutamine metabolism related genes during the later phase.
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4.11 TRRN genes co-regulated by the essential response regulator
VicR

The microarray data show that vicKR, one of the earliest responding TCSs upon carolacton
treatment, was downregulated. The vicKR TCS plays a major role in the biofilm formation,
competence development, oxidative stress tolerance, acid tolerance, autolysin production, and
glucan and fructan metabolism of S. mutans [19, 82, 84, 94, 96, 109, 325]. In addition, the
response regulator vicR has also been identified as being essential for the survival of S.
mutans, i.e. it is an essential gene which cannot be deleted [81]. The genes co-regulated by
VicR (Figure 24) in the carolacton treatment context TRRN consisted mostly of
downregulated genes including those encoding surface structure and cell wall proteins such as
glucosyltransferases (gtf) B and D, glucan binding protein B (gbpB), and the sortase-anchored

cell wall protein wapE [350] among others.

This is consistent with the previous study [10] where all the genes co-expressed with the
downregulated vicR had reduced transcript abundances. The evidence put together suggests
that carolacton could interfere with the signalling mechanisms related to the activity of this
essential response regulator thereby exerting its biofilm inhibitory and membrane damaging
effects. Some of the genes such as gtfB, gbpB and comC in the VicR sub-network were
already known transcriptional regulatory targets [96, 108, 351] of the VicR protein thus
contributing to an independent verification of our target prediction based on microarray data

and motif information.

96



Network construction and analysis

*SI9Y)0 Suowre FJdeps uRjoId [[eM [[3 ‘(] PUE { SISLIIJSUBIIASOIN]S S Yons sjonpoxd
Sunnqre DUINIIA SUIPOIUI ISOY) IPNPUI SIUIS PIIBRMPOW YIIA ‘UO0JIE[0IBI 0) ISuodsay ur youa Iojem3ax asuodsax
SO [enuassd pajemsaiumop 3y} £q pajen3ar A[uowrwiod sduds Yy} Jo safyoxd uorssaadxd pazijewioN *((q-V) $g 2In3ig

Chapter 4. Results.

juswijeas) uojoejoled jsod suiw uj dwi]

7-
(4

00¢ 0¥ 002 091 0Zl- 001 08 09 OF 0C SO

9L96L'NINS =+
20961 NINIS
OL88L'NINS &
06EL°'NINS &
Jwod =|.

HON @

-~
v

(pajeasyun/pajeasy)zbo)
uoissaidxe sauab pazijewlioN

(@]

jusunea.} uojorjoled jsod suiw up dwi |

~
h

00¢ 0¥T 002 09}

02l 00l 08 09 OF 0T SO

gdem ==
920L'NINS * §
osdo &
29eVI'NINS &
GEVL'NINS B
Hon @

pazijewloN

(pajeanun/pajeay)zbo)

uoissaldxa auab

(]

Juswieal) uoyoe|oled 3sod sulw ul swij

00¢ ore 002 09L

z-

0ZL00L 08 09 Oy 0T SO

2LLEL'NINS @
291LELNINS @
GLEL'NINS @
asb @

anb e

gdgb

N @

Juawijeal} uojoejoded 3sod suiw ur awi]

00¢ obZ 002 091

0ZL00L 08 09 OF 0Z SN

sverns @ |
agpeL’ NS © B
Pl S
wELNINS = |
S6PEL'NING = _
JPPELNINS =
HoON ©

(pajeasyun/pajeany)zbo)

uoissaidxa auab

(payeasyun/pajeasy)zbo)
uoissaldxa auab pazijewlioN

pazijew.ioN

97
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4.12 Modulation of genes co-regulated by the cysteine metabolism

controlling transcription factor CysR

Genes connected by edges to cysR (encoding a regulatory protein controlling the metabolism
of sulfur containing amino acids [352]) in the co-expression network had both inverted and
positive activational patterns compared to that of cysR. After combining the CysR binding
motif information [352] however, directionality was assigned to the edges after which all of
the co-regulated genes were having only positive activational expression patterns (Figure 25)
in relation to cysR. CysR was found to modulate 26 TRRN genes (Figure 26) making it the
transcriptional regulator with the second highest degree (number of modulated genes) in the
carolacton context TRRN.

Some of the genes transcriptionally modulated by CysR include SMU_609 encoding a
putative-40K cell wall protein precursor, SMU_246 encoding a putative glycosyltransferase-
N-acetylglucosaminyltransferase and SMU_984 whose gene product has been predicted to be
an uncharacterized autolysin among others. Besides, SMU_1509 whose gene product is a Rgg
family [353] regulator protein was also observed to be among the CysR sub-network as were
genes encoding putative Nif proteins related to nitrogen metabolism and those such as the
SMU_1074-SMU_1077 operon involved in cysteine metabolism. Statistically significant
(significance score >=0) enrichment events with respect to functional categories were not
observed within the CysR sub-network. Nevertheless, the functional relevance of the
individual genes (such as SMU_609 which is one of the strongest modulated genes with > 2
log-fold upregulation in response to carolacton treatment) within the CysR sub-network as
well as its connectivity in the TRRN point out the importance of CysR in the response of S.

mutans biofilms to carolacton.
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Figure 25 (A-C). Temporal behavior of the 26 genes found within the co-regulated
group/subnetwork commonly modulated by SMU.852 encoding the CysR cysteine
metabolism regulatory protein.
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Chapter 5. Results: Experimental verification of network

predictions

The experiments (EMSA, generation of mutants and their sensitivity testing) were performed
by Dr. Reck, Research Group Microbial Communication, Helmholtz-Center for Infection

Research, Braunschweig, Germany.

5.1 Regulatory interaction between MbrC (BceR) and the

murMN-SMU_718 operon

By combining gene expression and motif information, mbrC was predicted to regulate four so
far unidentified target genes (the SMU_716-SMU_717-SMU_718c operon and SMU_610
encoding the cell surface antigen SpaP) in the carolacton treatment context TRRN. The
autoregulatory response regulator MbrC - also known as BceR - is encoded within a four-gene
operon (mbrABCD/bceABRS) and has been shown to regulate cell envelope stress response
mechanisms in S. mutans [95]. Ouyang et al demonstrated using binding studies that MbrC
transcriptionally regulates the genes SMU_302, SMU_862, SMU_1006 and SMU_1856 by
binding to their promoter elements via a conserved binding motif. The binding motif

consensus consists of a pair inverted repeats separated by 2 nucleotides

(TTACAAnnTTGTAA) [95].
101

This chapter has been adapted from the publication P. Sudhakar, M. Reck, W. Wang, F. He, I. Wagner-Dobler, AP. Zeng. Construction and

verification of the transcriptional regulatory network of the human dental pathogen Streptococcus mutans upon treatment with the biofilm

inhibitor Carolacton. BMC Genomics 2014, 15:362.



Chapter 5. Results: Experimental verification of network predictions

mbrC
murN
muriM
SMU.718c

LN

Normalized gene expression
log2(treated/untreated)

05 20 40 60 80 100120 160 200 240 300
Time in mins post carolacton treatment

Figure 27. Expression profiles of mbrC and the murMN-SMU_718 operon genes in
response to carolacton treatment.

Among the predicted MbrC target genes within the carolacton context TRRN, SMU_718c
codes for a hypothetical protein with a haloacid dehalogenase-like domain, and SMU_716 and
SMU_717 encode two different enzymes, MurN and MurM respectively. These enzymes
catalyze the last steps of the peptidoglycan biosynthesis pathway and also play a important
role in imparting resistance to cell wall-acting antibiotics [354-357]. Figure 27 illustrates the
coexpression of mbrC with the genes of the aforementioned operon and Figure 28 displays
the potential MbrC binding site (TTACAA-AT-TTCTAC) upstream of the putative target
murMN-SMU_718c operon. This potential binding site differs from the motif consensus
identified by Ouyang et al. [95] by the presence of two substitutions in the inverted repeat
and is located upstream (between -33 and -20) of the transcriptional start site of the murMN-

SMU_718c operon.
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GENE UPSTREAM REGULATORY SEQUENCE WITH POSITION STRAND
THE SPACED DYAD MbrC BINDING MOTIF

SWU 1006 CAATSCITACAATTIIGTAAGCTACGATICITIMGTS -5
S 302 TGAGGACTTACAAAGGTGTAAGGTICTAICTIGATITIT  -53
S 165 GGTTTATTTACARATIGTAMGITATAGTACAMARACTG  -40
SW 862 TTARARCTTACAATTTIGTAAGTTTTARCTTTAMTAMTS -1
SW 71 ITICTAATTACAATTICTACAGACTATCTTACTAAMA -3

==« B« B« B - |

Figure 28. The alignment between the MbrC binding sites in other experimentally
verified targets (black) reported by Ouyang et al [95] and the putative site upstream of
the predicted target (red) murMN-SMU_718 operon is shown. The signature repeats of
the MbrC binding motif are italicized, underlined and shown in bold.

To verify this predicted regulatory relationship, Electro Mobility Shift Assays (EMSA) were
carried out. The promoter region of SMU_1006 served as a positive control as the binding of
MbrC to it was reported previously [95]. An unrelated DNA fragment (around 100-150 bp,
lower DNA band in all the lanes) was added in all the samples to prove the specificity of the
binding reaction. As shown in Figure 29, the results confirmed the binding of MbrC to the
SMU_1006 promoter as well as the necessity of the consensus motif for the binding of MbrC
to its target. When an unrelated transcriptional regulator VicR was used instead of MbrC in
the binding reaction as a control to test the specificity of the assay, no shift of the DNA band
was found while with increasing MbrC concentrations, a clear shift was observed (upper band

around 350 bp). No significant shift was observed upon deleting the binding motif from the

SMU_1006 promoter.

103



Chapter 5. Results: Experimental verification of network predictions

*[s6] 1& 19 SuednQ £q pajaodaa Apeaafe se ‘(YSINH) SABSSY PIYS AN[IGOTA] 01303[H Suisn
PAYLIdA seam (Jopuod 3AnIsod) 9001 NJAIS 2Ud3 3y} Jo uordax sjowoxd 3y 0) DIQIA Jo Surpuly *6Z 9IN31

Jnow Jurpuiq
DAQIA PP I 1jowoad 9001 NS
1ovyuI 0) pappe ujoad Haqy rowd 7 : £ due

Jnow Surpurq
DI PRPP yim aajowoad 9001 IS
Jovyul 03 pappe uoad Daq jowd ( : 9 due|

Jnow Jurpuiq

DA pRRPP Pim sjowoad 9901 TS
el 0) pappe ujod DIqA jouwrd ¢ : G due|

1powoad 9001 1WS
183Ul 0) pappe uoad Haqy jowd (7 : p duw]

1owoad 9001 QNS
pejur 03 pappe uryoad Daq jowd gy : ¢ duery

Jdyowoad 9001 WS
e 0) pappe uosd DIqA ourd ¢ : 7 duer]

1jowoad 9001 NS €I
3y} 03 pappe u1)oad YA
jowd )z : (Jopuod ) [ due|

JIppery : A duer|

001
00z

00¢€

o0v
00S

Al

™ pm ™~

— — — —— —
| ——

]l

N L4 9 & ¥ £ ¢ |

Tl

104



*931Is Surpuiq DIQA 3Y) Sunjoe sjuswidery YN ( 1931e)
SjedIpul Y  ‘SUONIBAI SUIPUIQ Y} Ul DIQJA] JO SUONBIIUIIUOD SUISBLAIIUI )BIIPUI SI[SUBLI) Y], *DIQIA JO 1931e) L10)R[N3d1
[euondiidsuer) g SI 13)3e[ 3y} jey) Suruayuod snyy 3is Surpuiq danend ay) eia uorddo 281, NJAS-NIAINW Ja31e) pajorpaad
) Jo uordax Jdjowoad 3y 03 uwjoad HIQIA Y} JO SUIPUIq OXIA-UI IY) JO UOHBIYLIA Y} papiaoid osfe YSINH “0€ 2In31g

Chapter 5. Results: Experimental verification of network predictions

J3jowoad NJA N
UL 3y) 03 pappe urnoad YIUIA
jowd gz : ( [013u0d 23AE3IN]) L due|

Jyouro.ad NJAINW JoRIUI IY) 0) pIppe
uroad DaqA jowd g7 : 9 due|

aaj0woad NIAINW 1IB)UT 3Y) 0) PIPPE
uoad Haq jowd @] : S sue| oot

Jajowo.ad NJAINW jo8IUI 3Y) 0} - “ - , ,
pappe udjoad Daqa [owd ¢ : § due| -

’ 002
ol e Talalalal

Juow Suipuiq DIQA PP 0o€

P Jdjowoad NJAINW 3Yy) 0) pappe ooy

urjoad DaqA jowd g7 : € Que| 00S

Jnow Surpuiq DIGIA PIRPP i 1 AL
I Jdyowroad NJANUI 3Y) 0) pIppe
urdoad Daqy jourd (1 : Z due

Jnow urpurq DIqAl .

PIIRPP YuM 1djowoxd NJALINW Y3 03 ’ -
pappe ujoad Daqy jowd G : | due|

JIppe] : A due] ‘ A

105



Chapter 5. Results: Experimental verification of network predictions

Similarly, MbrC also binds to the promoter region of SMU_718 as indicated by a gelshift at
MbrC concentrations higher than or equal to Spmol (Figure 30). With increasing amounts of
MbrC (5-20 pmol) present in the binding reaction mixture, a shift from 250 bp (upper DNA
band) to around 1 kbp was observed. No shift was observed in the lane corresponding to the
reaction mixture containing an unrelated transcriptional regulator VicR (whose binding site
was not present in the murMN-SMU_718 promoter) confirming the absence of non-specific
binding. Furthermore, the deletion of the MbrC binding site in the promoter region of the
murMN-SMU_718 operon also abolished the binding of MbrC to its DNA target. Thus the
observations from the the EMSA studies demonstrate that the murMN-SMU_718 operon is a
direct target of the MbrC response regulator as predicted from the regulatory response
network. The two substitutions present in the MbrC binding site upstream of the murMN-
SMU_718c operon could reflect a less stringent binding of MbrC. Accordingly, the shift of
the SMU_718c target DNA occurred at a higher MbrC protein concentration (10 pmol) than

that (5 pmol) observed for the corresponding SMU_1006 target DNA.

Our finding that MbrC directly controls the expression of two enzymes involved in a central
step of cell wall synthesis further highlights the importance of this response regulator for the
cell envelope stress response and for maintaining cell wall homeostasis. The reconstitution of
the Gram positive bacterial cell wall during growth is intricately linked to the synthesis of
peptidoglycan polymer chains [358]. Both murM and murN encode alanine adding enzymes
involved in the branched peptide peptidoglycan biosynthetic pathway and have also been
reported to be primary determinants of the peptidoglycan stem peptide structure [354, 357]
which in turn affects various virulence properties such as antibiotic resistance [359-361] and
pathogenesis [362]. Thus, although the transcriptional induction of the murMN-SMU_718
operon and the mbrC gene is relatively weak following carolacton treatment, it might still be

significant since only a few copies of the enzymes might potentially be required to catalyze
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the peptidoglycan biosynthetic reactions. Post transcriptional regulation of enzymes involved
in cell wall synthesis and cell division might also significantly contribute to a quick and
efficient adaptation of the cell to maintain cell wall homeostasis. Thus small transcriptional
changes might result in strong changes of enzyme activity. Induction of the MbrC regulon by
carolacton is reminiscent of the previously observed bacitracin induced cell envelope stress
response in S. mutans [95] mediated by this regulon. This finding further points out the

influence of carolacton on cell wall synthesis as reported previously [10, 379].
5.2 Deletion mutants of “key” transcriptional regulators

Based on the inferred TRRN and co-expression networks, single gene deletion mutants
corresponding to five different transcriptional regulators (CysR, Rgg, GInR, SpxA, and FabT)
were constructed. Next to that of CodY, CysR (SMU_852) was identified as the regulator
with the highest connectivity in the regulatory response network. rgg (SMU_1509) was
identified as the only transcriptional regulator encoding gene among the CysR co-regulated
genes and hence was chosen as a candidate for deletion. Alterations in the cell wall
metabolism could play a critical role in the response of S. mutans biofilms to carolacton due
to the observed membrane and cell wall damage [6, 10]. GInR was chosen as a possible
knock-out target due to its importance in peptidoglycan biosynthesis and cell wall metabolism
via many of the glutamine-metabolism and transport genes which it modulates as observed in
the TRRN. spxA (SMU_1142) and fabT (SMU_1745) were identified as the top two nodes
based on connectivities in the co-expression network. All the selected “key” regulators are
potentially involved in cell wall metabolism, glutamine metabolism, fatty acid metabolism, or

stress tolerance and survival.
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Figure 31. Effect of deleting five “key” transcriptional regulators and sensitivity of the
cysR deletion mutant to carolacton treatment. Inhibition of viability caused by
carolacton treatment was tested for the biofilms of gene deletion mutants of 5 key
transcriptional regulators identified from network analysis. The inhibition of viability
was determined by live/dead staining of 20h-old static biofilms of mutant, wild type and
cysR complementation strains under carolacton treatment and is expressed as inhibition
of the green/red fluorescence ratio. The bars show the mean of three independent
biological replicates.

The susceptibility to carolacton treatment of 20 h old static biofilms of the corresponding key
regulator gene deletion mutants was tested using Live/Dead viability staining. As shown in
Figure 31, carolacton only marginally reduced the viability (~5-10% inhibition) of the
biofilms of the cysR gene deletion strain, while complementation of cysR in trans fully
restored the carolacton sensitive phenotype of the wildtype (approximately 45-55% inhibition
of viability). It was previously shown that carolacton exclusively damages growing biofilms
[10]. The observed strong loss of sensitivity of the cysR gene deletion strain to carolacton was

not biased due to poor or significantly slower growing mutant biofilms since the final growth

108



Chapter 5. Results: Experimental verification of network predictions

yield and doubling time of the cysR gene deletion mutant was only slightly reduced in
comparison to the wildtype (data not shown). Strikingly, the spxA gene deletion strain
displayed impaired ability to grow under acidic conditions [363], a condition known to be
essential for the carolacton induced membrane damage in S. mutans [10]. However, all the
tested strains with the fabT or cysR deletion showed similar susceptibilities to carolacton
relative to the wildtype (Figure 31). For the fabT deletion mutant, no final conclusion
regarding its sensitivity to carolacton treatment could be drawn since the mutant strain grew
very poorly under the tested conditions and formed very thin biofilms. Since growth is a
prerequisite for the membrane damage caused by carolacton treatment [10], the results of the
Live/Dead staining for the fabT mutant should be interpreted with caution. However, the
membrane integrity of the fabT deletion mutant was highly compromised (data not shown), as
determined by live/dead staining. The importance of fabT for maintaining membrane integrity
in S. mutans biofilms might be indicative of its involvement in the membrane damage caused
by carolacton treatment. Hence from the intial susceptibility studies of mutant biofilms under
carolacton treatment, cysR could be identified as being essential for the sensitivity of growing

S. mutans biofilms to carolacton.
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Figure 32. The effect of carolacton treatment on the number of colony forming units
(cfu’s) of biofilms of the S. mutans UA159 wildtype and cysR gene deletion mutant was
also investigated. The Cfu experiment was repeated in two biological replicates. The
sequences of primers used for generating the deletion mutants are given in Table 5.

5.3 The role of CysR in the response of S. mutans biofilms to

carolacton

The almost complete loss of sensitivity of the cysR mutant to carolacton treatment was
independently confirmed by the determination of colony forming units of carolacton treated
and untreated biofilms of the wild type and cysR gene deletion strains. While the wildtype
showed a reduction of CFUs of approximately 75%, the carolacton treated and untreated
mutant cells showed almost no difference in the amount of colony forming units (Figure 32).
Thus the experiment clearly confirms the essential role of CysR in the response of S. mutans
biofilms to carolacton treatment, as implied from the TRRN. The genome of S. mutans

encodes 4 LysR-type transcriptional regulators, of which 3 (CysR, MetR, HomR) are
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phylogenetically linked and control the supply of sulfur amino acids [352, 364]. CysR is
known to modulate the expression of genes involved in cysteine metabolism in S. mutans
[352]. Intial results from the network and experimental analysis show that apart from its role
in cysteine metabolism, CysR is essential for the response of S. mutans biofilms to the biofilm
inhibitor carolacton. This implies a potential role of CysR in cell wall maintenance, as this
trait was shown to be impaired in carolacton treated biofilm cells and cell wall changes are

most likely responsible for cell death caused under acidic conditions [10].

The inferred transcriptional regulatory targets of CysR, as identified after integration of
contextual coexpression correlation and binding motif information, indeed comprise genes
involved in maintaining cell wall homeostasis. Genes SMU_984 and SMU_609 encode two
autolysins which were not characterised so far. Interestingly, both genes were immediately (5
min after treatment) and constantly upregulated after carolacton treatment and belong to the
strongest regulated genes of our time-resolved transcriptome study. SMU_609 encodes a 40K
cell wall protein which was shown to exhibit murein hydrolase activity using a peptidoglycan
zymogram assay and is likely linked to the cell surface via the sortase system [365, 350]. As
cell wall synthesis during growth depends on a balanced interplay between build-up and
breakdown of the cell-wall, enhanced autolysin activity might promote cell lysis [366] and
thus explain the influence of CysR on cell death. However, deletion of SMU_609 and
SMU_984 did not cause a carolacton insensitive phenotype (data not shown). Another CysR
regulated gene, rgpG (SMU_246), encodes a putative UDP-N-acetylglucosamine
undecaprenyl-phosphate GlcNac 1-phosphate transferase. This enzyme catalyses the first
membrane localized step of the biosynthesis of various polymers of the bacterial cell wall.
Imbalanced expression of a bacteriocin and its corresponding immunity protein could also
have a profound impact on cellular viability [367, 368]. However, SMU_613 was found to be

only slightly modulated at the transcriptional level. The other potential target genes include
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the operon SMU_1074-SMU_1077 which encode putative metabolic enzymes in pathways
related to cysteine metabolism and is concurrent with the already known role of cysR in

cysteine metabolism [352].

It should also be noted that cysR and its paralog cpsY are located in close vicinity to the genes
of the de novo pyrimidine biosynthesis pathway on the genome of S. mutans. The pyrimidine
biosynthesis genes were shown to be the strongest upregulated genes 5 min after carolacton
treatment. The functionality of pyrimidine metabolism, especially of the pyr operons
upregulated specifically under carolacton treatment, could possibly be linked to the
availability and synthesis of cell wall precursors. In prokaryotes, genes encoding products
involved in the same or related biological functions are often located in close neighbourhood

on the genome [202, 369, 370].

Moreover, for the S. iniae cysR ortholog cpsY, it was shown that this LysR type
transcriptional regulator (LTTR) induced cell wall changes essential for the intracellular
survival of this invasive pathogen in neutrophils [371]. Interestingly, in the study of Allen et
al [371], it was determined that deletion of ¢psY alters the cell surface charge, muropeptide
composition and susceptibility to lysozyme treatment. This is fully in accordance with the
current understanding of the mode of action of carolacton [10]. However further experiments
are necessary to verify the targets of CysR experimentally (e.g. EMSA experiments with
purified CysR protein) and to fully address the role of cysR in cell wall metabolism e.g. by
knocking out the CysR regulated autolysins. Altogether, our data strongly suggest a so far

unidentified role of the CysR transcriptional regulator in cell wall homeostasis.

A highly interesting aspect of the network analysis is the finding that CysR potentially
regulates another transcriptional regulator (Rgg). As the carolacton specific regulatory
response network contains albeit only two levels of hierarchy, CysR can thus be considered as

a potential global regulator. Rgg transcriptional regulators associated with small hydrophobic
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peptides (SHP) were identified to represent a part of a novel quorum sensing mechanism in
Streptococci [353, 372]. Rgg proteins have been identified and conserved in nearly all
streptococci [373]. This mechanism works independently of a TCS, but senses the signalling
molecule inside the cell after its internalisation via an oligopeptide permease [353]. But the
Rgg knockout strain showed comparable susceptibility to carolacton treatment as the wildtype
strain (Figure 31) thus excluding the possibility of Rgg being a critical regulator mediating

the observed physiological effects of carolacton.

With respect to cysR however, its deletion mutant displayed a loss of sensitivity to carolacton
as a result of a reduction in the inhibition of viability caused by carolacton. Nevertheless,
CysR does not represent the primary target of carolacton as the treated cells of the cysR gene
deletion mutant still exhibit an inhibition of about 10%. Moreover, phenotypic differences
between carolacton treated and untreated cysR mutant cells were observed, indicating that
carolacton can still bind to its target(s) and induce changes in the cellular morphology.
Nevertheless, the lethal effects of carolacton treatment apparently rely to a large extent on the
presence of an intact copy of the cysR gene. Another interesting question is the link of CysR
to the PknB controlled regulon, as pknB was also shown to be essential for carolacton
mediated cell death [10]. With PknB being a global regulator of cell division [374] and
virulence attributes [103], the regulons of PknB and CysR might converge at the level of the
controlled autolysins. The CysR coregulated genes SMU_984, and SMU_609 were 2 of the 3
strongest modulated genes in the transcriptome analysis of an exponentially growing pknB
deletion strain [102]. However, as the deletion mutants of SMU_609 and SMU_984 are still
susceptible to carolacton treatment, this potential overlap of the regulatory systems does not
provide an explanation why both the pknB and cysR deletion mutant biofilms exhibited almost

no sensitivity to carolacton treatment.
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Since LTTRs show a high degree of sequence conservation, control important metabolic
pathways of sulphur containing amino acids, and since sulfur is essential for the active sites of
many enzymes, the transcriptional regulator CysR might also be an attractive drug target.
Coeffector binding is required for its transcriptional activation, and the likely cofactor could
be O-Acetylserine (OAS) [352]. Thus, small molecule inhibitors could potentially be designed
to compete with the co-effector molecule for the binding site on this LTTR and to finally
block its biological function. To conclude, the results from this study points out that the role
of CysR may be much more diverse and important than previously expected. Thus CysR

might represent an attractive novel drug target in streptococci.

5.4 Linkage between the PknB and CysR regulons

Deletion of cysR almost completely prevents cell death in carolacton treated biofilms, a
finding previously reported for the gene deletion strain of the Serine Threonine Protein Kinase
(STPK) encoding gene pknB as well [10]. This instantly raises the question whether the
regulons of these two regulator proteins overlap or if PknB is located upstream of CysR in the
regulatory cascade and thus controls the latter’s activity. Both regulators control the
expression of the two carolacton responsive autolysins SMU_984 and SMU_609, which

might explain the shared insensitive phenotype to carolacton of their mutant strains.

However, in this study, the focus is only on the transcriptional network analysis, while PknB
modulates its target genes via protein phosphorylation at the post-transcriptional level. Thus
the question whether and on which level the modulated networks of PknB and CysR converge
and if they represent the essential pathway for the carolacton mediated cell death cannot be
fully answered from the transcriptional regulatory network analysis. To quantitatively
understand the effects of carolacton on cell metabolism and to determine the missing layers in

the regulatory cascades of CysR and PknB, it is necessary to consider the regulatory effects of
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small non-coding RNAs [375] and other post-transcriptional and post-translational
modifications [146, 376] including modulation by other signalling pathways [377].
Transcriptional analysis is generally lacking in information about these important regulatory
mechanisms which have been shown to be essential for cellular metabolism and homeostasis
[146, 375, 377]. Nevertheless, the high merit of the transcriptional network analysis is
demonstrated here to identify a key regulator mediating cell death in S. mutans biofilms in

response to the biofilm inhibitor carolacton.
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Chapter 6. Conclusion

A combination of transcriptional network prediction and experimental verification was used
to analyse the response of S. mutans biofilms upon treatment with the biofilm inhibitor
carolacton. As per current literature, this is the first study inferring a genome-wide
transcriptional regulatory response network for S. mutans using heterogeneous data including
a time-series transcriptomic dataset and transcription factor binding site information. Based
on the inferences from the regulatory network, important predicted transcriptional regulatory
interactions between the cell envelope stress modulating TCS response regulator MbrC and
the operon harbouring the murMN genes encoding cell wall metabolism associated enzymes
were experimentally verified . CysR, a regulator known to modulate cysteine metabolism, was
predicted and experimentally verified to be an essential key regulator for the mode of action
of the biofilm inhibitor carolacton. The results [380] from this study strongly suggest a role of
cysR in cell wall metabolism, cell division and cell surface biogenesis, apart from its already
known role in cysteine metabolism and sulfur supply in S. mutans, thus highlighting its
potential as an attractive novel streptococcal drug target. The high predictive power of the

network strategy used was also demonstrated.
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