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Summary

Biofilms are surface-attached microbial communities embedded in their self-generated
extracellular polymeric substance (EPS). Biofilm formation is one of the main causes
of membrane biofouling, which represents a major challenge in the application of
membrane technology to water treatment. Bacterial cell-to-cell communication mech-
anism quorum sensing (QS) plays an important role in regulating biofilm physiology
and EPS synthesis. QS architectures are well studied; however the kinetic parameters
are mostly unknown and they are heterogeneous among individual cells. Quorum
quenching enzymes (QQ) and QS inhibitors (QSI) can inhibit QS, but their com-
bined effects have not been studied yet. EPS production in biofilms determines cell
interactions like cooperation and aggregation. Studying the population dynamics
affected by EPS production helps to better understand biofilm development. Us-
ing cellular network deterministic and stochastic models, QS response curve topol-
ogy was found dependent on network parameter values. Noise caused by parame-
ter heterogeneity is comparable with network intrinsic noise. Synergy of QQ and
QSI in inhibiting QS were proved by models (and have been validated by experi-
ments). Population dynamics of EPS over producing small colony variants (SCVs)
of P.aeruginosa in biofilm with wild type PAO1 was modelled using individual based
modelling methods based on two kinds of EPS, i.e., Psl and Pel. The model predicted
auto-aggregative property of SCV mutant and that although SCV is more stable under
shear, it cannot out compete PAO1. This thesis contributed to a better understand-
ing of QS network, proposed more effective ways of inhibiting QS, and modelled
how EPS affects the dynamics of biofilm population dynamics and physiology. The

outcome of this thesis contributes to the knowledge of biofouling control.

16



Chapter 1

Introduction

1.1 Background

Water scarcity and pollution were expected to be two of the most serious concerns
of the 21* century [5, 6, 7]. Waste water treatment and recycling are promising
ways to alleviate water scarcity and pollution [8, 9]. In recent years, biofilms have
been gaining popularity as a key component of waste water treatment technologies,
such as moving bed membrane bioreactors and biofilm-assisted membrane biore-
actors [10, 11]. It was reported that biofilm reactors are more efficient in remov-
ing phosphorus and nitrogen than traditional activated sludge bioreactors. Biofilms
have heterogeneous structures where the surface cell layer is aerobic and can con-
sume carbon, while the deep layer inside is anaerobic and suitable for phosphorus-
accumulating organisms to accumulate phosphorus. In addition, the higher nitro-
gen removal efficiency is due to the multi-functional capacities and cooperation in
biofilms. For example, during simultaneous nitrification and denitrification, the com-
plex configuration of biofilms provides suitable niches for both nitrifying and deni-

trifying bacteria [11, 12, 13].

Although bacteria are essential in waste water bioreactors, biofilms and their ex-
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tracellular polymeric substances (EPS) cause membrane biofouling in membrane
reactors[14]. Biofouling is caused by the growth of bacteria embedded in EPS max-
trix on membrane surface, which will reduce the wastewater treatment efficiency by
increasing the flow pressure and reducing the wastewater flux through the membrane
[15]. Biofouling is one of the most serious problems in the application of membrane
technology to wastewater treatment[16]. Thus, it is critical to prevent unnecessary

biofouling processes.

Strong correlation between bacterial quorum sensing (QS) and membrane biofoul-
ing have been observed and inhibiting QS can alleveate biofouling [17, 18]. QS
was shown to meditate biofouling through regulating biofilm physiology and EPS
production [19, 20]. Better understanding of bacterial QS and how to inhibit it will

imporve current measures to control biofouling.

The structure of bacterial QS networks of some bacteria are well studied [21]. How-
ever, the kinetic parameters are mostly unknown, which limits mathematical models
to accurately predict QS responses. On the other hand, even if the kinetic parameters
are not known, they are, like parameters in other cellular networks, heterogeneous
among individual cells[22, 23]. It is necessary to explore QS responses within a
reasonable parameter space and analyse the noise in QS network caused by param-
eter heterogeneity to better understand QS networks. Deterministic and stochastic

cellular network models can be used to study this problem.

Natural and synthetic quorum quenching enzymes (QQ) degrade QS signal and quo-
rum sensing inhibitors (QSI) interfere with the QS signalling pathway [24]. QSIs
inhibit QS with different mechanisms. G1, ajoene and ajoene analogues are QSIs
of Paeruginosa. G1 binds with receptor proteins, competing with natural QS sig-
nals [1]; ajoene and its analogues inhibit QS at translational level [25, 26]. Whether
QQ and QSI combined have additive, synergistic or antagonistic effect has not been
studied. Since QQ and competitive binding QSI interrupt different positive feed-

back loops in QS network their combined effects might be promising. The combined
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effect of QQ and QSI like ajoene analogue on QS also needs to be studied.

Since biofilm physiologies - in particular EPS secretion - directly cause membrane
biofouling, it is important to study the dynamics of biofilm development. EPS secre-
tion is essentially altruistic behaviour: individual cells secrete and share their organic
matter to benefit the group [27, 28]. Cell aggregation is a common phenomenon in
biofilms [29, 30]. EPS was shown to be related to cell aggregation [31]. Psl and
Pel are two kinds of EPS produced by P.aeruginosa. It was shown that Psl tends to
aggregate cells but Pel tends to expand the biofilm [32]. An individual based model
(IBM, also called agent based model or ABM) [33] can be used to study the dynam-
ics of cells in biofilms[34]. More specifically, the incorporation of Psl and Pel in
IBM can be used to study the population dynamics of small colony variants (SCVs)

[35] and Paeruginosa PAO1 in biofilms based on Psl and Pel properties.

1.2 Objectives

QS, biofilm physiology and EPS are significant factors in regulating the biofouling
process. This thesis attempts to bridge the knowledge gap of unknown QS network
kinetic parameters by exploring possible QS responses in a reasonable parameter
space. Even unknown, parameters in QS network are heterogeneous. This thesis
will analyse amplitude of variation in QS behaviour contributed by parameter het-
erogeneity by comparing with intrinsic noise, which is easy to calculate. QQ, QSI
can inhibit QS at some level and thus alleviate biofouling. This thesis also tries to
study whether QQ and QSI combined have a synergistic effect in inhibiting QS and

if so, potentially provide a effective way to quench QS and control biofouling.

As biofilms and EPS directly cause membrane biofouling, IBM will be used to study
their dynamics, specifically, to incorporate Psl and Pel of P.aeruginosa to study the

population dynamics and biofilm morphologies of SCV and PAO1 biofilm.
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The outlined objectives of the work in this thesis are:

e To explore responses of QS network in a reasonable parameter space.
e To analyse the noise of QS network caused by parameter heterogeneity.

e To investigate whether QQ and competitive binding QSI have additive, syner-

gistic or antagonistic effect in inhibiting QS.

e To investigate whether QQ and ajoene analogue have additive, synergistic or

antagonistic effect in inhibiting QS.

e To incorporate Psl and Pel into IBM to model the population dynamics and

morphology of biofilm formed by P.aeruginosa SCV mutant and PAOI.

1.3 Overview

In chapter 2, firstly, the significance of QS, biofilm physiology and EPS in biofouling
process was reviewed. Then,biofilm properties and models were reviewed. What can
further be done to better understand and control QS, biofilm and EPS dynamics was
discussed. Finally, QS structures, parameter heterogeneity, QQ and QSI inhibiting

quorum sensing and cellular network models were reviewed.

In chapter 3, firstly Vfisheri QS network model was built and parameters were fit-
ted from experimental results in literature. Then the parameter space was explored
and four response curve topologies were found, which showed that how the network
responses, like whether multi-stationary and hysteresis loop exist in the response
curve, are dependent on both network structure and interaction strength. Further-
more, it was found in parameter regions that agree with literature, intrinsic noise is
greater than noise by parameter heterogeneity when the network is repressed. And
when network is expressed, noise by parameter heterogeneity is greater for both sin-

gle gene expression network and Vfisheri QS network. Model combining intrinsic
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noise and parameter heterogeneity better explained the trend of noise when QS is
turned on in experiments. Finally, how parameter heterogeneity contribute to the

variation of QS switching on threshold and time was explored.

Chapter 4 used mathematical model of QS network and found that QQ or compet-
itive binding QSI alone can inhibit bacterial QS. When combined, strong synergy
were identified between QQ and competitive binding QSI in inhibiting QS. This
conclusion has been proved experimentally using AiiA as QQ and G1 as competitive
binding QSI on P.aeruginosa LasR/l circuit. Additionally, previous study showed
that in wild type PAOI strains, G1 inhibits las circuit more effectively than rhl cir-
cuit [1]. The effect of G1 on RhIR/I circuit on P.aeruginosa were modelled and it
was found, however, in mutants only containing functional las or rhl circuit, G1 in-
hibits the mutant with functional rhl more effectively. This result also agreed with

experimental data.

Chapter 5 used mathematical network model and found that QQ and ajoene ana-
logue, another kind of QSI, have synergy in inhibiting both las and rhl circuits in
P.aeruginosa. The inhibiting mechanism of ajoene analogue is to block the transla-
tion of mRNAs involved in QS. It was found that ajoene analogue is more effective

than G1 when used alone or combined with the QQ AiiA.

In chapter 6, specific properties of Psl and Pel concluded by studies in reference
[2, 32] are incorporated in IBM. This model reproduced the experimental results in
reference [2] and further predicted the auto-aggregation property of Paeruginosa
SCV and SCV cannot out compete PAO1 although it is more stable under shear,

which agreed with existing experimental results from literature.

Chapter 7 summarized the study of QS inhibition and EPS biofilm interaction con-
tributes to biofouling control.Then a recommendation on future work of bacteria col-
lective motion was presented. This recommendation has a clear picture of hypothesis
with strong literature support that steric and hydrodynamic interactions lead to bac-

teria velocity alignment and the average speed of aligned bacteria cells is increased
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through hydrodynamic interaction. Three methods adapted from literature to model

hydrodynamic interaction were proposed.
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Chapter 2

Literature Review

2.1 Bacterial quorum sensing and biofilm EPS are crit-

ical in membrane biofouling

Bacteria are intensively used in waste water treatment, from activated sludge treat-
ment [36] to various membrane reactors. Bacteria are used to remove the organic
carbon in waste water during the secondary stage of treatment and remove nitro-
gen and phosphorus during the tertiary stage treatment. Heterotrophic or facultative
bacteria feed on organic waste in waste water. In traditional activated sludge treat-
ment processes, these bacteria form microbial flocs which are subsequently removed
[37]. Ammonia is treated by nitrifiers and denitrifiers. Nitrifiers include Ammonia
Oxidizing Bacteria or Archaea which oxidize ammonia into nitrite, and Nitrite Ox-
idizing Bacteria or Archaea which oxidize nitrite into nitrate. Denitrifiers convert
nitrate into nitrogen gas. The dominant nitrifiers in waste water treatment plants are
Nitrosomonas spp. [38] Nitrosospira spp. and Nitrospira spp. [39]. Biofilm as-
sisted reactors have been gaining popularity since 1990s, like moving bed, trickling
filter, granular filter and high rate plastic media filter biofilm reactors. Compared to

conventional suspended reactors, biofilm reactors have higher quality effluent, lower
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Table 2.1: Parameters in Chapter 2

Symbol  Definition
Sh Sherwood number
d Mass transfer coefficient at biofilm bulk interface
D; Diffusion coefficient of substrate i
H Diffusion layer length
cp Bulk concentration
cr Concentration at biofilm water interface
Y Yield coefficient
Oji Vector describing overlap of two cells
d; Vector describing movement of cell i during shoving
u Cell specific growth rate
Wmax Cell maximum specific growth rate
Ks Half-saturation constant of substrate S
A An arbitrary cellular component that regulates itself
f(A) Production rate of A regulated by itself
dy Degradation rate of an arbitrary component A
r mRNA concentration
R Protein concentration
ky, mRNA production rate
d, mRNA degradation rate
kr Protein production rate per mRNA
dr Protein degradation rate
nr White noise of mRNA production rate
MR White noise of protein production rate
6(t)  Delta function
G,% Temporal variation of protein concentration

Temporal mean of protein concentration
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footprint, lower net sludge production, are more resistant to environmental change
and are easier to control [14, 40]. It was shown that moving bed biofilm reactor
achieved the same removal rate with only 1/3 of biomass concentration compared

with suspended reactors [12].

While bacteria are critical in the waste water bioreactors, biofilms and their ex-
tracellular polymeric substances (EPS) cause membrane biofouling in membrane
reactors[14]. Biofouling is caused by growth of bacteria embedded in EPS max-
trix on membrane surface, which will reduce the wastewater treatment efficiency by
increasing the flow pressure and reduce the wastewater flux through the membrane.
Biofouling is one of the most serious problems of applying membrane technology
in waste water treatment[16]. Thus, it is critical to prevent unnecessary biofouling

processes.

Strong correlation exists between quorum sensing (QS) signal N-Acyl homoserine
lactone (AHL) and membrane biofouling [17]. In one work, AHL was detected in
biofilm formed on membrane surface at a lab scale membrane reactor. And biofoul-
ing was reduced by applying quorum quenching(QQ) enzyme porcine kidney acylase
L. Biofilm structure was shown to affect the rate of biofouling. Sufficient oxygen pro-
duced biofilms with high porosity, less EPS and thus with lower biofouling rate[19].
QS can meditate biofilm structure and it was shown that interrupting QS result in

biofilm with higher permeability[20].

Bacterial QS, biofilm physiologies and EPS are critical in membrane biofouling pro-
cess. Understanding and controlling QS and biofilm EPS contribute to alleviate

membrane biofouling.
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2.2 Biofilms and EPS

EPS and the embedded bacteria cells form biofilms which directly cause biofouling
[14, 16]. It is critical to better understand biofilm and EPS dynamics in order to better
understand biofouling processes. QS controls biofouling probably by meditating

biofilm physiology and EPS[17, 19, 20].

2.2.1 Biofilms, their development processes and impacts

In nature, most of the bacterial cells live in communities or biofilms, often attached to
surfaces, including biotic surfaces such as tissues, dental plaques and abiotic surfaces
like air water interface, water pipes, food, culinary facilities, leaves and medical
devices [41, 42]. As the definition of biofilm has a blurry boundary, floating colonies
like microbial flocs and particles in Activated Sludge Water Treatment Reactors and
Particle-Based Reactors can also be categorized as biofilms[43, 44]. Biofilms usually
contain more than 95% water, and present porous structures which enhance mass
transfer of nutrients, metabolic wastes and signals [45]. Common biofilms in nature
consist of multiple species instead single species. Logically, their are more kinds of

biofilms than bacterial species.

Typical biofilm development includes five main steps: initial attachment, irreversible
attachment, vertical growth, maturation and dispersal as shown in figure 2.1. During
initial attachment, bacteria cells temporally attach to surfaces or existing biofilms.
This binding is transient and bacteria may again move away. Rhamnolipid biosurfac-
tants can meditate this kind of temporal attachment[46]. Gradually, bacteria change
their phenotypes and tighten the binding to the surface. The binding becomes perma-
nent or irreversible. Specific adhesins promote the irreversible attachment [42]. After
irreversible attachment, bacteria population will increase and biofilms become ma-
ture. Mature biofilms often have heterogeneous structures, resistant to antimicrobial

agents or antibiotics, secret EPS and quorum sensing signals [47]. The final stage
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Figure 2.1: Biofilm development process. 1: Initial attachment, bacteria transiently attach to surface.
This attachment will gradually evolve into irreversible attachment. 2: Irreversible attachment. 3: Ver-
tical development. 4: Maturation. During this stage, cells in biofilm present very different phynotypes
compared to cells in planktonic state. 5: Dispersal, a portion of the cells leave the biofim. (Image

from reference [49],Image Credit: D.Davis).

of biofilm development is dispersal. During dispersal, bacteria cells become motile
again, individually or as groups, and leave the biofilm. Bacteria dispersal enhances

the survival of the species [48].

In biofilms, cells of the same species present various phenotypes. The main causes
of this heterogeneity are chemical gradients, adjust to local environment, stochastic
gene expression and genetic variation[50]. As cells aggregate inside biofilms, the
reaction rates (consumption and production) will be large enough to create chem-
ical gradients. Growth nutrients have highest concentration at the top of biofilms;
metabolic wastes or signals have higher concentrations at the bottom and metabolic
intermediate products accumulate at the middle of biofilms [50]. Bacteria change
their phenotypes to adapt to the local environments, consisting of chemical concen-
trations, temperature, other cells, etc. Biofilms have well-formed structure with water
channels. The local environment of cells vary greatly in different parts of biofilms.
Stochastic gene expression also contributes to heterogeneity of biofilms. Cells of
the same species or even two daughter cells produced by the same mother cell can
have distinct growth rates and phenotypes [51]. This is very likely due to stochas-

tic gene expression because the genetics and local environments of the two cells are
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nearly the same. During biofilm development, bacteria genetics might also change
due to mutation or plasmid transfer [52]. In summary, chemical gradients, varying
local environment, cell adaptation, stochastic gene expression and genetic variance

contribute to the heterogeneous properties of biofilms[50].

Cells in biofilm are 10-1000 times resistant to antibiotics and antimicrobial agents
than cells in planktonic environment. The reasons are that: antibiotics fail to pene-
trate biofilm and kill all cells; cells in biofilms have reduced growth rate, which are
more resistant to antibiotics. For example, antibiotics kill bacteria by interfering with
their DNA replication [53], and cells in biofilm have longer division circle and are
more resistant; Cells changes their phenotypes inside biofilm, which might increase

their resistance[54].

Apart from biofouling, biofilms have other great impacts. Bacteria can form biofilms
on medical devices which will impact the success of operations and contamina-
tion of patients. P.aeruginosa, K. pneumoniae, S.epidermidis, S.aureus, C.albicans
and E.faecalis are often found to form biofilms on Central Venous Catheter [55].
Biofilms can also accumulate on Mechanical Heart Valve and Urinary Catheter [55,
56]. Biofilm can cause pathogenesis. Pseudomonas aeruginosa, Staphylococcus au-
reus and Haemophilus influenzae often form biofilms on the inner lung surface of
cystic fibrosis patients and cause infections [57]. Biofilms can also cause infections
like Infective Endocarditis, chronic ear infection, chronic prostitis and periodontitis

[56].

Biofilms have great impact on food safety. Biofilms may contain pathogenic and
spoilage species that decrease food hygiene and deteriorate food [58]. Biofilms also
contaminate food processing equipments which will transfer diseases [59]. Biofilms
on food processing devices can also be transferred to food while processing food.
They provide a reservoir for pathogenic species. Species contaminate food include
Yersinia enterocolitica, Escherichia coli , Campylobacter jejuni , L. monocytogenes,

Salmonella, etc. Biofilms formed on food and food processing equipments are hard
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to clean and erase because of the adherent surface property and extracellular ma-
trix produced by biofilms. Recently, quite abundant researches have been done on

biofilms on food in order to reduce food risk caused by biofilms [58].

2.2.2 Extracellular polymeric substances

Extracellular polymeric substances or EPS are organics with high molecular weight
that exist at the intercellular space of microbial cells [60]. EPS is comprised of
polysaccharides (40-95%), extracellular proteins (1-60%), extracellular DNAs and
RNAs (1-10%), lipids, surfactants and humic substances [61]. The molecules are
mainly secreted by microbial cells, produced from cell lysis, absorbed from the en-
vironment and shed from cell surface [60]. EPS is an important feature of bacterial

biofilms, and phenotypic separations on EPS production have been observed [61].

There are many functional groups like carbonxyl, sulfthydryl and hydroxyl groups
in EPS that can adsorb organic or inorganic compounds. The adsorbed substance
can influence the structure of EPS and bacteria aggregates. For example, biofilm
structure is maintained by EPS binding Ca®* and Mg?>* [62]. EPS maintains the
structures and stability of flocs, granules and biofilms by polymer bridging and de-
pletion attraction [63, 64, 31]. EPS can be degraded by its own producers or other
bacteria to serve as food and energy source [65]. Due to the various composition
of EPS, it usually contains hydrophobic part and hydrophilic part. This affect the
interactions of EPS and water. The hydrophobic part can absorb organic wastes[66].
EPS enhances the resistance of biofilm to antibiotics by adsorption , limiting trans-
portation and forming aggregates that are difficult to penetrate [54]. The production
of EPS by bacteria cells is affected by substrate type and concentration, the growth

phase of bacteria and external conditions like concentration of metal ions [63].

More specifically, P.aeruginosa PAO1 biofilms produce 3 kinds of EPS: Alginate,

Psl and Pel[2]. Alginate is rich in mannuronic and guluronic acid residues but not
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important for biofilm structure[67]. Reference [32] concluded that Psl appears at
early stages of biofilm and cross link cell and EPS matrix, making biofilm more
elastic. Psl was shown to be tightly bound with bacteria cells. Pel is viscous and
deformable. Pel appears at later stages of biofilm, reduces biofilm cross-linking and

enhances biofilm dispersal.

2.2.3 [EPS-regulated bacteria cooperation and aggregation in biofilms

EPS production is essentially altruistic behaviour of bacteria cells. Altruism is de-
fined as the the strategy that individuals benefit the group at their own cost, and if all
the individuals adopt the same strategy, the total benefit of the group will be positive.
Bacteria secret EPS at the cost of their own fitness. EPS is responsible for bacterial
adhesion to solid surface and can provide safe harbour for bacteria[27], assist in the
adsorption of organic molecules and inorganic ions, enhance genetic information ex-
change and serve as food source in time of starvation[28]. Bacterium Agrobacterium
tumefaciens infect Ti plasmid to plant to transform plant cells to produce opine at a
cost. When the plant cells are transformed, the opine produced will benefit the bac-
teria group[68]. Bacteria produce extracellular enzymes to degrade complex organic

compounds to serve as food for the group [69, 70].

For QS controlled altruistic phenotypes, QS is a good strategy to ensure all or none
individual exhibit altruistic behaviour and thus prevent unbeneficial cost when cell
density is low. For example, Bacillus subtlis and Myxococcus xanthus use QS to
control sporulation [71]. Bacteria cells also live in micro-colonies to keep moisture,
reduce solvent toxicity [29] and resist substrate inhibition. Usually a subpopulation
of bacteria present altruistic characteristics. The remaining cells benefit from the
altruism and present cheater-like traits. For example in some cases, only a portion
of population secret EPS. B. subtilis can degrade extracellular proteins by secreting
protease subtilisin E. But only a minority of cell secret this protease and benefit

the whole group [72]. S. Typhimurium which infects the gut differentiates into two
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phenotypes. The first type causes gut inflammation and benefit the second type and

allow the second type to compete with other microbes [73].

As phenotypic separation benefits bacteria survival at changing environments and
enhance division of labor, phenotypic separation into altruistic and cheater-like types
can reduce cooperation cost at favorable conditions and benefit from cooperation at
unfavorable conditions. EPS was shown to be secreted by only a portion of cells in
biofilms, which can potentially benefit the species. It is already shown that bacteria
can adapt their phenotypes in response to the change of the environment. However,
the number of possible environments is so large or the environment is changing so
quickly that mere strategy of changing phenotypes when the environment changes is
not possible [73]. It was also hypothesized quick switching species needs more main-
tenance energy than slow switching species [33]. Thus fast adaption rate might not
be advantageous in slow varying environment than the strategy of phenotypic sepa-
ration. It is also possible that sensing-and-response type and phenotypic separation

type are different evolutionary pathways for bacteria.

Cell aggregation in biofilms were often observed [29]. Aggregation brings altruistic
cells closely together and thus promote altruism. However, aggregation also increase
kinship competition for space and nutrient. Whether aggregation benefit or harm
altruism is an interesting question. Bacterial aggregation tendency is the affinity of
cells stay close to each other. It affects structure inside biofilms as well as biofilm
formation. The abilities to form various defence clusters are different for various
bacterial strains [29]. There is a wide range of colony sizes. Small colonies contain
only hundreds of cells and large colonies have sizes of milimeters or centimeters.
The shapes and inner structures of aggregates are various, even for the same species
in the same environment [30]. Bacterial aggregations appear in biofilms was well
as floating environment, such as activated sludge. Various image analysis tools and

algorithms are available for detecting and study cell clusters [74, 75].

The current knowledge of mechanisms of bacterial aggregation is far from conclu-
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sive. But there are some known mechanisms and factors that can influence bacterial
aggregation. Bacterial aggregation is related to EPS production. Mutants of changed
EPS production resulted in changed aggregation properties. Some bacterial species
produce EPS that can drive cell aggregation through depletion attraction or polymer
bridging. In depletion attraction process, polymers, often secreted by the bacteria,
tend to avoid the bacteria and thus drive bacterial cells to aggregate together. De-
pletion attraction phenomenon exists in succinoglycan and Sinorhizobium meliloti,
xanthan and S.meliloti and succinoglycan and E.coli. In depletion attraction, the
larger the cell density, the less polymer is required. This is opposite with the poly-
mer bridging mechanism [31]. Tendency to form aggregates is strongly related to the
cell surface properties [76, 77]. Cell cultures influence the ability of cell aggregation.
Organic or inorganic molecules such as zinc, lysozyme and salivary agglutinin can

induce cell aggregation [78].

The mechanisms of bacteria altruism and aggregation are relatively independent. But
aggregation has significant effect on bacteria altruism. P.aeruginosa SCVs produce
excessive amount Psl and Pel, a kind of altruistic behaviour, and form tight aggre-
gates [79]. Studying aggregation effect on altruism will contribute to how altruistic

behaviour, like secreting EPS affect biofilm population dynamics and physiology.

2.2.4 Biofilm models

The most common biofilm model framework contains 3 domains: biofilm domain,
diffusion domain and bulk domain as in figure 2.2. Biofilm domain is where the
immobile biomass is located. Substrate is subject to diffusion and reaction (con-
sumption and production by bacteria) here. Substrate is considered homogeneous in
the bulk domain, but may vary with time. Substrates diffuse between the bulk and

biofilm through the diffusion domain.

The diffusion layer is a workaround of mass transfer of substrates between bulk and
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biofilm [33, 34, 80, 81]. The length of diffusion layer is determined by reactor con-

figuration. It can be empirically calculated from the Sherwood number Sh.

kd
=5

Sh

2.1

where k; is the mass transfer coefficient at the bulk biofilm interface. D; is the
diffusion coefficient and d is character length related to reactor geometry. Harald et.
al summarized the empirical equations of Sherwood number of vairous reactors in
reference [82]. After obtaining Sh, the diffusion layer length can be calculated from
equation 2.2. Diffusion layer length is irrelevant to substrate diffusion coefficient and
is the same for different substrates.

H= (2.2)

The principle of setting the diffusion layer length H is to keep the mass transfer
coefficient at the interface of biofilm and bulk constant. For simplicity, many models

set H to around 100um [82, 34, 83].

For still water, diffusion layer length H can be experimentally measured. When the

substrate reaches steady state, according to equation 2.4, in diffusion layer, we have

Z—; = const = = ;Icf . Thus, the diffusion layer length can be calculated from equation
2.3.
Cp—Cf
H=_——— 2.3
(dC/dZ)w ( )

where ¢, is the bulk substrate concentration; ¢y is the substrate concentration at the
water biofilm interface; (dc/dz),, is the gradient of substrate in the diffusion layer.
These parameters can be experimentally measured and thus the diffusion layer length

H can be calculated.

According to how biomass is represented, biofilm models can be briefly separated
into 3 categories: continuous model, cellular automaton model and agent based

model.
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Figure 2.2: A general framework of mathematical biofilm models. The system consists of 3 domains:
the biofilm domain, diffusion layer domain and bulk domain. Biomass is included in biofilm domain.
Substrate concentration in biomass domain is determined by diffusion and reaction (consumption or
production by bacteria). The substrate concentration in diffusion layer domain is solely controlled
by substrate diffusion. Substrates diffuse from the bulk domain into biofilm domain (or reversed)
through the diffusion layer domain. Substrates are considered spatially homogeneous in the bulk, but

may vary with time.

Continuous models: Continuous models treat biomass as continuous substance
and represent biomass by its density p(¥). The first set of biofilm models were 1-
dimensional continuous models [81, 84]. Diffusion-reaction equation 2.4 determines

the substrate concentration in the biofilm domain.
8c,~ . 82c,~
dr 192

where ¢; is the ' substrate concentration; D; is the diffusion coefficient and r; is the

+r 2.4)

reaction rate of the substrate. For nutrients consumed by the bacteria, the reaction

rate is shown in equation 2.5.

1 c

e 2.5
r vH KC+CP (2.5)

Y is the yield efficient, meaning the amount of biomass produced per unit amount
of substrate consumed; p is the biomass density; K. is half-saturation constant of

growth rate and L4y is the maximum specific growth rate of biomass.

Continuous models can be multi-dimensional, can contain multiple species and sub-

strates [85, 86]. Continuous biofilm models show that sharp substrate gradient exists
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inside the biofilm. Simulation results in reference [87] showed that oxygen can pen-
etrate no further than 200 pm inside biofilm. There are also models that incorporate
fluid flows and convection mass transportation in multi-dimensional biofilm mod-
els. Stress of biofilm caused by flow was investigated by a 2D continuous model in
reference[88]. Biofilm can also be treated as fluid [89, 90] and biofilm structure is
solved by solving multi-fluid equations. AQUASIM [91] is a software package for
continuous 1D biofilm model. It was usually used to simulate biofilm water treat-
ment reactors. AQUASIM also provides the mechanisms of biofilm detachment and

attachment.

Continuous modes are proper to study biofilms of large spatial scale but not local
heterogeneity. Because continuous models represent biomass by its density p(7),
which is averaged at a scale much larger than (say 10 times) average cell cell distance.
Usually bacteria cell size is around 1um. Even if cells closely attach to each other,
biomass density is averaged from spatial scale of 10um. So continuous models are
not proper to study biomass distribution within 10um and are usually used to study

systems larger than several hundred microns.

Cellular automaton models In Cellular Automaton (CA) Models of biofilms, space
is divided into discrete squares (2D) or cubes (3D). Solid components like biomass
and EPS are represented by density in each grid. Fluids and soluble substrates are
represented by continuous fields[92, 82]. Biomass grows and increases its density
in a grid. When biomass density exceeds the threshold, the excess amount will be

transferred to neighboring grids, or another grid if all neighboring grids are full.

The CA model built by Cristian et al. is described here, as it is one of the earliest
biofilm CA models which included most modelling features [92]. A grid contains
dimensionless substrate concentration S, biomass density C and other solid compo-
nents ¢ like bacteria and gel. The grid size can be small enough such that one bacteria
cell can occupy multiple grids, or can be large enough that one grid contains many

bacteria cells.
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The substrate concentration is still determined by equation 2.4. In CA model, it
is implemented in equation 2.6, where x; is the i’ axis; rs(S,C) is the produc-

tion/consumption rate of S and d! is the grade size and Dy is the diffusion coefficient.

dS D5 9S

—=—>) — S,C 2.6
ot dlzgaxiz—f—rS( ) ) ( )
The biomass concentration is updated according to growth equation 2.7, where R¢ is
the growth rate of biomass.

aC
— =R¢(S,C 2.7
When biomass in a grid reaches the maximum value, it will be split into two parts,
one part of biomass stays in the original grid and another part is placed in a neigh-
bouring grid that is not fully occupied. When no such candidate exists, it will recur-
sively find a neighbouring grid of its neighbouring grid which is not fully occupied

and place the biomass there. After initialization, the system continues runs the fol-

lowing steps until time limit or total biomass limit is reached.

1. Calculate substrate concentrations according to diffusion reaction equation 2.6.
2. Calculate biomass concentration according to growth equation 2.7.

3. Redistribute biomass.

CA models were used to study the relationship between nutrient concentration and
biofilm surface roughness. It was found that, high substrate concentration produced
smooth biofilms and low substrate concentration produces rough biofilms[92]. Sim-
ulation results of a CA model in reference [93] showed that accumulation of damage
is the most probable mechanism of cell death in biofilms. CA models represent
biomass and solid components by their densities in each grids. It is more realistic
than continuous model in studying the spatial heterogeneity of biofilms. But it is not
proper to study single cell heterogeneity or when the focus is at small scale where

only a small amount of cells are involved.
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Agent based model or individual based model Agent based model (ABM), also
called individual based model (IBM), of biofilms simulate individual cells separately.
There is an standard ODD (Overview, Design concepts, and Details) protocol for
ABM. It is appropriate to study biofilms with low cell density and study biofilm
properties as emergents of single cell rules [94]. The basic components in ABM
models are very similar to those in CA models. The substrates are treated simi-
larly and calculated by diffusion reaction equation 2.4. When cells overlap due to
growth and division, shoving algorithm is used to separate cells and push the biofilm
forward. For cell i, suppose there are J; cells overlapping with it, then during he
shoving process, cell i is moved according to equation 2.8. m; is the biomass of cell
i; 0j; is a vector pointing from the center of cell j to i with length equal with their
overlap length; d; is the distance cell i needs to move. In practice, many times of
shoving steps are needed to eliminate overlap.

Ji

- m;
d; = !

Lo+, Cji (2.8)
The most important features of ABM are cells are modelled more explicitly and cell-
cell heterogeneity can be easily studied. Most ABMs use the same diffusion-reaction
framework described in figure 2.2. And equation 2.10 or its variations are used as
cell growth dynamics. Generally, models did not consider the variation of cell growth
rate in the same conditions. Biomass can be composed of different components, such

as active biomass, capsules and inert biomass.

ABM has been used to study various biofilm properties and dynamics. It was found
that plasmid invasion is not limited when invasion speed does not depend on host
growth rate [95]. ABM study also showed that bacteria and phage can form self-
organized spatial structure to maintain their co-existence. And in co-evolution sim-
ulation, the parameters regarding resistance to phage inside and at the surface of
biofilms tend to evolve into the region that enable bacteria phage co-existence [96].
ABM models can also couple with fluid flow. For example, reference [97] used 3D

ABM models to show that flow can smooth biofilm surface without affecting the
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active growth layer.

Recently the number of packages for ABM of biofilms are increasing and becom-
ing more sophisticated. iDynoMiCS is a java based ABM for biofilms [33]. Its
aim is to provide a common platform for ABM of biofilm and enable researchers
with few programming skills to use it. It has been used in some studies[98, 96]
and currently under further development by a group of international developers. But
adding features not included in the package needs to change the source code. Netl-
ogo is an ABM programming language [99]. It provides extensions to connect with
other programs. Reference[100] used matlab as server to calculate diffusion-reaction
equations for biofilm models. And cell growth and division are modelled in netlogo.
Bsim[101] is an ABM tool to study biofilm group level properties from single cell

behaviours. Based on Bsim, it is easy to build new models.

Cell growth and division models Cell growth and division processes are required
by all types of biofilm models. As growth and division is are basic roles of bacteria
cells in agent based model of biofilms, they will be reviewed here. Bacteria reproduce
by binary fission. At certain stage of cell cycle, a Z-ring with solid structure in the
middle of the cell is formed by protein FtsZ; genome replicates and cell divides into
two daughter cells, usually of equal size [102]. Unlike cells of mammals and birds
which always experience local environment in a narrow region, bacteria cells adapt
to changing environment by adjusting their phenotypes. When cells are introduced
into new a batch culture, there are four growth phases: lag phase, exponential phase,
stationary phase and death phase. During the exponential phase, biomass grows
exponentially according to equation 2.9 .

dx_

=z 2.
P (2.9)

x is the total biomass; p is called specific growth rate. The specific growth rate
and its dependence on rate limiting substrates can be experimentally measured us-

ing chemostat configuration. The relationship between p and rate limiting substrate
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concentration S can be expressed in equation 2.10.

p= umaxﬁ (2.10)
Wmax 1s called the maximum specific growth rate. Kg is the half-saturation constant
of this substrate. When § = Kj, the specific growth rate u is half of i, [103].
Equation 2.9 and 2.10 describe the growth behavior of the total biomass of a single
cell. The growth patterns of different components in a single bacteria cell are differ-
ent. For typical bacteria like E.coli, cell components can be separated into 3 cate-
gories: the cytoplasm, including cytoplasmic proteins, ions, water, small molecules
and everything inside the membrane except the genome; the cell surface, includ-
ing cell wall, membrane and molecules like proteins and sugars embedded; and the
genome [104]. If the cell is under constant local environment, the cytoplasm grows
exponentially all the time. Cell surface grows in this way such that the density of
cytoplasm keeps constant. For spherical cells, cell surface grows exponentially with
the cytoplasm; rod shaped cells grow by increasing its length and thus cannot grow
exponentially because the shape has changed. Genome begins to replicate when
cytoplasm reaches a certain amount per origin of replication. The time required
for genome replication is approximately constant. The time between completion of
genome replication and the end of cell division is also relatively constant [104]. Be-
cause the cytoplasm keeps growing during the starting of genome replication and
ending of cell division, in culture with higher growth rate, the cell size is also larger.
Most ABM models of biofilms set a division radius to the cell agent. When the radius
of the cell reaches the division radius, it will split into two daughter cells. This rule

is only proper in studying cell size independent properties of biofilms.

The cytoplasm occupies most of the cell dry weight. For example, in E.coli, the
approximate dry weight percentages of cytoplasm, surface components and genome
are 83%, 14% and 3% respectively [104]. It is reasonable to assume cells only con-
tain one kind of biomass which grows exponentially. Some models also include inert

biomass and capsule related to EPS secretion [33].
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When a cell generates two daughter cells of equal size, the growth rates of the daugh-
ter cells, although in the same environment, are rarely the same. This is because of
the inherent variability of their growth rates. The standard deviation of generation
times of S. Typhimurium cells in a microcolony containing 20 to 25 total cells orig-
inated from a single ancestor cell is 50% of the mean generation time [51]. Most
ABM models of biofilms did not consider the variability of generation time, but set
different sizes of daughter cells to get rid of the artifacts of synchronized cell divi-
sion [34, 33]. This is appropriate when studying biofilms properties weakly related

to single cell growth rate variability.

Monod Equation 2.10 describes the simple dependence of microbial growth on a
single substrate. G.C. Okpokwasili and others published a through review on the

kinetic models of microbial growth in 2006 [105]. Some of them are listed below.

Some essential substrates can inhibit microbial growth when their concentrations
are too high. Andrew’s equation [106] 2.11 is widely used to describe substrate

inhibition kinetics, where K; is a constant related to substrate inhibition.

S
= Uy, 2.11
A generalized model 2.12 also describes the inhibition kinetics.
1—-8/Sn)"
= Hmarl1=S5/Sn) (2.12)

- S+Ks—(1-S/S,)m

where S, is the threshold substrate concentration above which growth stops. m and

n are constants.

There are also some models for multi-substrates. When substrate S and P serve for
different purposes, such as carbon and nitrogen sources, the kinetics can be expressed

by equation 2.13.

S P

H= e S Ko+ P

(2.13)

When two substrates S; and S, serve as the same purpose, the kinetics can be ex-
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pressed by equation 2.14 .

il M S2
o W _ (2.14)
oo Ki 4SS K252
where W) = m and W, = m

When S and S, inhibits the utilization of each other, the kinetics can be expressed
by equation 2.15.

Sy S
2
Ki+Si+58 K4S+ 28

;u“(SleZ) = Hmax1 (2.15)

2.3 Bacterial quorum sensing

2.3.1 Architectures of bacterial QS

Bacterial cells communicate with each other through the broad definition of signals.
Bacteria can response to mechanical signals: when bacteria cells transiently attach
to a surface, it will gradually change its phenotype and transfer from transient at-
tachment to permanent attachment [42]. Growth substrates can also be signals for
biofilm dispersal for some species and formation for others. Glucose inhibits the
initial state of biofilm formation of Aeromonas hydrophila [107] but promotes the
biofilm formation of clinical isolates of staphylococci [108]. Bacterial communica-
tion through upregulation of low-weight secreted protein Ycel promotes the resis-
tance to antibiotics of Burkholderia cenocepacia species [109]. Bacterium Bacillus
subtilis can also communicate with electric signals like brain neurons through ion

channels [110].

One of the most important bacterial communications is QS. Phenomenally, bacte-
ria inside a community change their phenotypes only when the population density
reaches certain threshold[111]. The structure of QS cellular network is well studied.

The mechanism of quorum sensing is chemical signal communication between cells
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of the same species. When cell density is low, single cell produces quorum sensing
signals, also called auto-inducers at base rate. When the auto-inducer concentration
reaches a threshold, a positive feedback loop of cellular network will activate cells
to produce more auto-inducer, and other quorum sensing activated or inhibited genes

are regulated [112].

Bacterium Vibrio fischeri become luminescent when cell population density reaches a
threshold. The quorum sensing signal or auto-inducer of V. fischeri is N-(3-oxohexanoyl)-
homoserine lactone, a kind of Acyl homoserine lactone(AHL). This AHL can freely
diffuse in and out of cell membrane. Protein LuxI is the enzyme for producing this
AHL. When AHL concentration is large enough, it will bind with the receptor pro-
tein LuxR. The binding product of LuxR and AHL will activate luxR and luxI genes
and boost the production of AHL and LuxR. It will also activate luminescence genes
and V. fischeri will present luminescent phenotype [113]. The scheme is illustrated

in figure 2.3.

Some bacteria, like P. aeruginosa have multiple interconnected QS systems. The
LasR/I and RhIR/I systems with quorum signals N-(3-oxododecanoyl) homoserine
lactone (30-C,-HSL) and N-butyryl-homoserine lactone (C4-HSL), respectively are
very similar to LuxR/I network in V. fischeri. The difference is that the production of
receptor RhIR is meditated by the LasR/I network [114, 115]. Besides las and rhl QS
circuits, P. aeruginosa also has other two quorum sensing systems, IQS and PQS.
These networks interact with each other and not only respond to population density
but also other environmental conditions [116]. At least 6% genomes of P. aeruginosa

were found to be controlled by QS [117].

LuxR/I quorum sensing system is the prototype of QS systems of gram-negative
bacteria. QS signals produced by gram negative bacteria are acyl-HSLs (AHLs),
containing an acyl group attached to a homoserine lactone (HSL) ring. Generally
different species produce AHLs with different acyl groups. The HSL rings are the
same [118]. AHLs are produced by LuxI homologues. The precursor of AHL is
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S-adenosylmethionine. AHLs bind to LuxR homologues and the binding product
will regulate target genes. A typical LuxR homologue has two binding domains for
AHL and DNA promoter. Evidence showed that the AHL-binding domain blocks
DNA-binding domain when the receptor is not bound to AHL. When binding with
AHL, the DNA-binding domain of receptor protein is exposed and able to bind and
regulate target genes, including the luxI homologue gene. The acyl side chain of

AHL determines the specificity of binding process with the receptor protein [119].

Gram-positive bacteria have different prototypes. The main differences are that the
auto-inducing signals of gram-positive bacteria are peptides, which cannot freely dif-
fuse in and out of cell membrane but need to be actively transported by the bacteria;
the binding of auto-inducing peptides and receptors occurs at the outer cell surface

instead of cytoplasm [120].

Although QS signals are highly specific to their producing species, cross talks of
QS exist between different species. Species B.cepacia can use the two QS signals
produced by species P.aeruginosa, 3-oxo-C12-HSL and C4-HSL, to activate its QS
circuit. These two species were often found co-cultured in the lungs of cystic fibrosis
patients [121]. The signal of gram-positive species Staphylococcus can activate the

receptor and target genes in species Enterococcus faecalis [122].

There is one QS signal that has been found in more than 50 species, including both
gram-positive and gram-negative strains. This signal is called autoinducer-2 (AI2),
produced by LuxS gene and originally detected in species Vibrio harveyi [123].
Species P.gingivali and Streptococcus mutans can form mixed biofilms in dental
cavities. Deleting the luxS gene, which is responsible for producing AlI2, of either
species did not eliminated their abilities to form mixed biofilms. However, when
LuxS genes in both species were deleted, they could not form mixed biofilms [124].

This is evidence that AI2 is involved in interspecies communication.
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Figure 2.3: (A): Quorum Sensing network of Vibrio fischeri. I represents AHL enzyme LuxI; i is the
mRNA of I; R is the receptor protein LuxR; r is the mRNA of R; A represents the cellular AHL; A,
represents extra-cellular AHL; P is the combination product of R and A; Z is the dimer of P. AHL
can freely diffuse in and out of cell membrane. Z can activate luminescent genes and also increase
the production of LuxR, LuxI and thus AHL, providing a positive feedback loop. (B): AHL molecule

structure of general gram-negative quorum sensing signal. Different species differ in the R-group.

2.3.2 Parameters of QS network are mostly unknown and they

are heterogeneous

Despite the fact that the structures of some QS networks are well studied, most of
the kinetic parameter values are unknown as they are difficult to measure and rarely
experimentally measured. The only experiment to roughly measure membrane per-
meability of AHL was performed in 1985 [125]. Some QS models analysed the
qualitative properties of QS based on network structure [126] and others tried to
quantitatively model QS but values of the same parameters mostly disagree in lit-
erature [127, 128, 129, 130, 131, 132]. Thus mathematical modelling to study QS
network responses within reasonable parameter regions are necessary to understand

bacterial QS.

On the other hand, even the QS network parameters are unknown, evidence shows
that they are heterogeneous in individual cells even in identical environment. The
fluorescence and QS turn on time of V.fischeri were different among individual cells
in almost the same environment [22]. LuxR is the master regulator of V.harveyi QS

and the luxR gene expression of V.harveyi is heterogeneous among individual cells
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[133].

As QS is connected with other cellular components, stable difference of other cellu-
lar components can result in parameter heterogeneity of QS network. Bacteria with
identical genetic codes can have different phenotypes in the same colony, or even
in identical conditions. The next division time of two nearby daughter cells pro-
duced by division of one mother cell are rarely the same [51], although their genetic

information and local environment are nearly identical.

Under starving condition, a subpopulation of bacterium Bacillus subtilis will form
sporulation. The sporulating cells contain endospores that are readily visible under
phase contrast microscopy while nonsporulating cells do not [134]. Sporulating cells
are produced by asymmetric cell division. The larger one is the mother cell and the
smaller one is called forespore, which is ultimately engulfed by the mother cell. The
formation of endospore is not caused by genetic change because under favorable con-
ditions, spores will quickly germinate and convert to ordinary cells [135]. Bacterium
Bacillus subtilis also separate into two phenotypes during the middle of exponen-
tial growth phase. Part of the cells expressed swimming motility and the other were
sessile. The sessile cells have long chains and motile cells present as single cells or
cell doublets. The two phenotypes are controlled by the sigma factor 6 and protein
SwrA was shown to regulate the swimming behaviour in Bacillus subtilis [136]. The

mechanism of phenotype separation is not clear yet.

Pseudomonas aeruginosa 47T2 is able to accumulate polyhydroxyalkanoates (PHA)
in its cytoplasm. It was found that only a subpopulation of this species in waste
frying oil cultures accumulate PHA and these cells differ in size and granulosity. The
remaining population did not accumulate high amount of PHA [137]. High PHA
accumulating strains could be selected, but it was not sure whether the phenotype

type separation in PHA accumulation was due to genetic variation.

Myxococcus xanthus is able to produce —galactosidase. Single cell expression was

measured and it was found that in strain DK 4473 of this species, a subpopulation

45



does not produce B—galactosidase [138]. Surface charge of some strains of Ente-
rococcus faecalis species is heterogeneous within the population [139], which af-
fects biofilm formation with other bacterial species [140]. Later it was shown that
endocarditis- and biofilm-associated pili (Ebp) are strongly correlated with the -
potential of E. faecalis. The strain OGIRF of E. faecalis has two distinct types of
subpopulation with {-potentials —38mV and —26mV. When the ebp operon EbpR
or its structure genes ebpABC were deleted, the population became homogeneous
in surface charge with {-potential —38mV and when EbpR or ebpABC were over

expressed. The population became homogeneous with {-potential —26mV [141].

Non-genetic heterogeneity might also be caused by cell partition. During cell di-
vision, the distribution of mRNAs is approximately binomial [142]. These stable

individual cell heterogeneities can directly or indirectly affect QS network.

Recently direct measurement of parameter heterogeneity of single gene expression
network in yeast cells was performed in reference [23]. mRNA translation rate k,
approximately obeys I'-distribution with coefficient of variance 0.5. Mathematical
modelling of noise caused by parameter heterogeneity in QS network is important to
understand the experimentally observed heterogeneity in QS networks [22, 133]. As
intrinsic noise is the most studied it is easy to calculate [143], the magnitude of noise

by parameter heterogeneity can be compared with intrinsic noise.

2.3.3 QS inhibition by quorum quenching enzymes and quorum

sensing inhibitors

The ultimate goal of studying and understanding QS in this thesis is to inhibit QS
to reduce biofouling. Recently, intensive studies are focusing on quorum quenching
enzymes (QQ) that degrade QS AHLs by break AHL lactone ring or the acyl side
chain and quorum sensing inhibitors (QSI) that interupt QS network components,

like binding to signal receptor protein [144, 145]. It was found that both prokaryotes
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and eukaryotes can secret QQ, including AHL-acylases, AHL-lactonase, decarboxy-
lases and deaminase [144]. QQ can also be synthesized. A methyl anthrailate can
inhibit the PQS circuit of Paeruginosa [146]. Competitive-binding QSIs can be re-
versible or irreversible. Reversible competitive-binding QSIs bind to receptor protein
in competition with natural AHL[147]. LasR-specific antiactivator can bind to LasR
and inhibit its activity and it was found that this inhibition mechanism is to prevent
the dimerization of LasR [148]. Irreversible competitive-binding QSIs bind to and

then degrade or break receptor proteins like halogenated furanones [149].

There are also other QSIs that act in different mechanisms. Ajoene was shown to be
able to inhibit the translation of mRNAs in QS circuits [26]. It is a kind of sulfur-
containing compound that can reduce the key QS related virulence factors [25]. Ana-
logues of ajeone were also found to have the capability to inhibit QS. One analogue
replacing the allyl group with benzothiazole derivative was found to be more effec-
tive than ajoene in inhibiting QS and reducing virulence of P.aeruginosa [26]. The
mechanism is that ajoene binds with small RNAs rsmY and rsmZ and inhibits their
activities [25]. Small RNAs rsmY and rsmZ act in parallel and inhibit the regulator
RsmA. RsmA inhibits the translation of mRNAs in QS circuits [150, 151]. The net
effect is that ajoene and its analogue inhibit the translation of mRNAs in P.aeruginosa

QS circuits.

Since QQ targets at AHL signal, competitive-binding QSI targets at receptor protein
and QSI ajoene analogues target at the translation of mRNAs, their targets belong
to different positive feedback loops. It is expected that QQ and QSIs combined
have synergistic effects in inhibiting QS. Mathematical and experimental proofs are
desired to test this hypothesis to see whether combining QQ and QSIs provide a
promising method in inhibiting QS. Deterministic methods based on ordinary differ-

ential equations can be used to do the mathematical simulation.
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2.3.4 Deterministic and stochastic models of cellular network

Cellular network models are usually used to study QS network and other cellular
processes. Positive feedback loops can generate multi-stationary states [152]. But
positive feedback itself is not sufficent to generate multi-stability. The network needs
to present non-linear kinetics [153]. Negative feedback loop will result in a single

state [154].

Using a simple example, that the cellular component A is regulated by itself: ‘é—‘? =
f(A) —dsA, where f(A) is the self-regulation function and dy is the degradation rate
of A. If f(A) is positively regulated by itself, then f'(A) > 0 and vice versa. A stable
stationary solution should satisfy equations 2.16. The solution that only satisfies the

first equation is not stable.

Ag) —dsjA; =0
J(Ag) —da 2.16

f(Ag) —da <0

f1, /> and f3in figure 2.4 are 3 examples of self-regulation functions. It is clear that
negative feedback loop (f1) only has a single solution and positive feedback can have
one or multiple stable stationary states. The network will have multi-stability when

the line f(A) crosses the line dyA from left to right multiple times.

Practical cellular networks are more complex and contain many components. A sim-
ple practice is to look at the net effects of component A to itself. For example, in the
toggle switch example where two components repress each other, multistable states

exists when the strengths of two repressions are at the same level [153].

The definition of intrinsic noise is clear. Inside a bacterial cell whose volume is small,
unlike mass chemical reactions, often the reactants have small copy numbers. Thus
whether a specific reaction will occur or not is a random event. Even if every cell
obey the same set of rules, the outcome will be different because of the biochemical

stochasticity inherent to the cellular network [143].
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Figure 2.4: Single and multiple stationary states of a one-component feedback loop. The arbitrary
component A is assumed to be regulated by itself: % = f(A) —duA, where f(A) is the self-regulation
function, and dy is the degradation rate of A. Stationary solutions are the solutions of f(A) —dsA = 0.
(f1): negative feedback loop. There is only one stationary state. (f>): positive feedback loop. There
is only one stationary state. (f3): positive feedback loop. There are two stable stationary states, and

one unstable stationary state.

Intrinsic noises can be simulated by stochastic chemical reaction models. A single
gene expression model is shown in equation 2.17, where r represents the number of
mRNA and R represents the number of protein, d, and dr are the degradation rates of
mRNA and protein respectively, &, is the mRNA production rate and kg is the protein
production rate by one mRNA.

dr — k, —d,r
(2.17)

de - — krr — dgR

Using two sets of parameters in reference [155], &k, = 0.0ls_l,dr = O.ls_l,kR =
Is7!,dg = 0.002s ! and k, = 0.1s7',d, = 0.1s7 ' kg = 0.1s7 !, dr = 0.0025!, the

results of r and R copy numbers are shown in figure 2.5. Average protein copy

numbers R predicted by deterministic model % are 50 for both sets of parameters.
Average mRNA copy numbers r = fT:. are 0.1 and 1 respectively. Ozbudak et al. mea-

sured a single green fluorescent protein (GFP) gene expression of 10* — 10° Bacillus
subtilis cells of strains with varying transcriptional or translational rates [155], and

found that population heterogeneity of GFP expression indicated by the Fanto Ratio
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Figure 2.5: Stochastic single gene expression modeling results. A and C: mRNA and protein copy
numbers using parameters: k, = 0.01s~!,d, = 0.1s7 !, kg = 1s~'. B and D: mRNA and protein copy

numbers using parameters: k, = 0.1s7',d, = 0.1s7! kg = 0.1s7!,dg = 0.002s~!
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increases quickly with translational rate and increases slowly with transcrip-
tional rate. Ozbudak et al. used the stochastic model above to explain the exper-
imental results. Gene expression intrinsic noise analysis shows that the burst size
b= Z—’f, which is the average total protein produced by one mRNA in its lifetime,
approximately equals the fanto ratio of protein R [155]. By introducing a white noise

source, equation 2.17 becomes equation 2.18.

% =k, —d,r+n,
(2.18)

a = krr —drR+Ng

where 7, and ng are the white noise sources of mRNA and protein with (n;(¢)) =0
and (n;(t)n;(t+7)) =q;0(7) (i and j represent r or R), where &(7) is delta function.
By Fourier-transforming analysis and considering that protein is more stable than

mRNA, we can get equation 2.19, where GI% is the temporal variation of protein
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concentration and (R) is the temporal mean of protein concentration.

2
%:Hdﬁ—’?dpzub (2.19)
Because intrinsic noise originates from the small number effects, cell size has great
effect on intrinsic noise. Smaller size results in larger variance. Supposing in a
eukarytic cell, a kind of protein can freely cross the nucleus membrane. Random

noise is more significant to the nucleus protein concentration than the cytoplasm

concentration [156].

Thus deterministic methods represented by ODEs can be used to explore QS net-
work responses in parameter space and noise by parameter heterogeneity. Stochastic
chemical reaction model can be used to calculate intrinsic noises of QS network to

compare with noise caused by parameter heterogeneity.

2.4 Quorum Sensing Models

QS network belongs to cellular network. The core methods of QS network are intrin-
sic and stochastic models mentioned above. Some models included the environment
geometry and individual cell heterogeneity. V.fischeri QS system is the earliest found
QS system. James et al. developed a QS network model of V.fischeri based on ordi-
nary differential equations using deterministic methods. This model treated the ex-
ternal AHL concentration as fixed values and proved that the QS network can have 3
stationary solutions, one of which is unstable at some range of external AHL values,
indicating two distinct luminescence states of V.fischeri at this range of external AHL
concentrations [157]. A deterministic model of the las QS system of P.aeruginosa
was built by Jack et al. This work firstly considered a homogeneous environment
where the stationary AHL concentration is a function of bacteria biomass density p.
When biomass density p is small, QS network will be at off state. When biomass
density p is intermediate, QS network will have multiple stationary states. And when

p is large, QS network will be at on state. Secondly, this work considered a heteroge-
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neous environment, similar conclusions were reached with a more complex model.

This work basically proved that QS is biomass density dependent [126].

The parameters of models built by James et al. and Jack et al. were not deduced
from experimental results, and were kind of arbitrarily decided. This was probably
due to lack of experimental data to estimate the required parameters. Goryachev et
al. used parameters estimated from literatures to build V.fischeri QS models with
different levels of complexity. Deterministic method showed that multi-stationary
states of QS exist whether the process of LuxR dimerization exists or not. However,
LuxR dimerization is critical for the stability of multi-stationary states when noise
exists, showed by stochastic methods, under certain parameter values [128]. A later
work also used parameters estimated from literature to build the QS network model
of Paeruginosa that included all rhl, las and pgs systems [127]. In both models, the

extracellular AHL was considered fixed.

Due to lack of experimental data, the estimation of similar parameters in literature
differ greatly. The details will be shown in chapter 3. It is important to build a
framework to combine different types of data from various experiments to fit the
parameters of QS network. There is another issue that most models did not explicitly
express. AHL is a kind of very stable molecule [131], and this poses a problem of
modelling QS in a batch culture. QS network contains two positive feedback loops
which means that in QS model of batch culture, larger concentrations of AHL will
result in higher AHL production rate. When QS is activated, the AHL accumulating
rate is accelerating and quickly its concentration will reach an impossible level. Some
models fixed the external AHL to solve this problem, resembling continuous cultures,
like references [157, 128, 127]. Some models used very large AHL degradation rates,
like reference [126]. Batch culture is much easier to set up than continuous culture
in laboratory. This problem needs to be handled properly when simulating QS in a

batch culture to compare with experiments.
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2.5 Concluding remarks

Bacterial QS, biofilm physiology and EPS are critical in biofouling process. Effective
inhibiting QS can greatly reduce biofouling. The structures of QS are well studied
but the parameters in QS network are mostly unknown, but they are heterogeneous
in individual cells. Studying QS response in parameter space and analyse noise by
parameter heterogeneity help to better understanding QS. An application is to study
whether QQ and QSIs have synergistic effects in inhibiting QS. EPS production es-
sentially affect interactions in biofilms like cooperation and aggregation of bacteria.
IBM mathematical modelling on relationship of EPS and population dynamics helps
better understanding biofilm processes. Specifically, Pel and Psl EPS produced by
P.aeruginosa play distinct roles in biofilm. Incorporating them in biofilm models
helps to validate the hypothesis of their properties and provides a specific example

of how EPS affects population dynamics in biofilm.
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Chapter 3

Distinct QS network response
topologies in parameter space and
noise caused by parameter

heterogeneity

3.1 Introduction

3.1.1 Quorum sensing network structure is well studied, but the

kinetic parameters remain mostly unknown

Some bacteria species are able to activate or repress certain set of target genes when
population density reaches certain threshold. This density dependent sensing is
called quorum sensing (QS). Quorum sensing networks of species like V.fischeri and
Pseudomonas aeruginosa have been studied intensively and the structures are well
known [158, 116]. Vfischeri QS network is the prototype of gram-negative bacte-

ria. However, like other cellular rate parameters, not enough data exist to accurately
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Table 3.1: Parameters in Chapter 3

Symbol  Definition
c AHL diffusion rate through membrane
kra Combination rate of LuxR and AHL
dp Dissociation rate of LuxR-AHL monomer
io Basal production rate of luxR mRNA
ro Basal production rate of lux] mRNA
ky LuxR production rate per mRNA per unit time
ki LuxI production rate per mRNA per unit time
K, Half-saturation constant of luxR activation by QS
V, Maximum luxR production rate
K; Half-saturation constant of luxI activation by QS
\% Maximum LuxI production rate
dg LuxR degradation rate
dy LuxI degradation rate
dy AHL natural decay rate
kz Dimerization rate of LuxR-AHL monomer
dyz Dissociation rate of LuxR-AHL dimer
R LuxR protein
A Intracellular AHL
P LuxR-AHL monomer
Z LuxR-AHL dimer
1 LuxI protein
i luxI mRNA
r luxR mRNA
A, Outracellular AHL
Vs Maximum production rate of AHL per cell
me Molecule per cell
St Sum of deviation score
B all parameters
f(P) A function of P, solving f(P)=0 will get the stationary P values
cv Coefficient of variation
Y normalized forward sensitivity index
At QS switch on AHL threshold concentration.
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estimate the values of QS network values. Although some QS models tried to use
appropriate parameters deduced from existing experiments, the values estimated by
different authors differ greatly among each other, even scale agreement were not

reached for many parameters.

For autoinducer diffusion rate through cell membrane o, literature showed that intra-
cellular and outracellular AHL concentrations reach equilibrium within 20s [125]. If
equilibrium is approximately reached when in intra and outracelluar concentrations
reaches 10% of their initial difference, o is estimated to be greater than 0.115s!.
This is the only experiment to roughly measure the autoinducer permeability through
membrane yet [129]. Based solely on this experiment, there were different estima-

tion of & values:0.17s~! [127], 0.08-0.4s1 [128] and 0.05s~ ! for 6[159].

The synthesis rate of AHL by enzyme LuxI was fitted [127] to be 6.7 x 10™*s~ 1.,
Another model [128] used 0.45s~!. An estimation of fully QS induced Proteobacte-
ria produce AHL at the order of 150 copies per cell per second [129]. Pseudomonas

putida IsoF was reported to maximumly produce 384 copies per cell per second [130]

No experiments have been conducted to estimate the combination rate of LuxR and
AHL kg4. Some estimated values were reported: 3.4 x 107 t03.4x 109 nM s~ 1[128],
1.67 x 103nM 1571 [127].

dp 1s the dissociation rate of LuxR-AHL monomer. Estimated values ranging from

3x 1073 to 1072571 [128] or 0.17s~! [127] were reported.

The basal production rates of luxI and luxR mRNAs, iy and ry, are the production
rates without the dimer Z. In one work [128], iy and ry were estimated to be 1.5 x
10451 and 3 x 10~*s~! respectively. In another work [127], ro = 1.67 x 10™4s!

and ip = 4.2 x 10~*s~!, which were quite similar to the previous one.

k, represents the number of LuxR molecules produced by 1 luxR mRNA per unit

time. Its value was estimated to be 1.6 x 10~2s~1 [128] and 0.115s ! [127]. k;
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represents the LuxI production rate by 1 luxI mRNA per unit time. Its value was

similarly reported to be 1.6 x 10725~ ! [128] and 0.115s~! [127].

The QS activation of luxR and luxI gene dynamics was also different in various
works. Michaelis-Menten kinetics was used to describe gene transcription, with K, =
2.94nM,V, = 1.4 x 10~2nM /s, K; = 90nM and V; = 6 x 10~3nM /s [128] (table 3.1).
In another work, linear dynamics was used to describe gene transcription, where
transcription rate is proportional to dimer Z concentration [127] . When the cell is at
QS on state, the LuxR-AHL dimer concentration is large enough to cause significant

difference in these two kinetics.

The degradation rate of protein LuxR dg was estimated to be 3.33 x 1075~ ! [127]

and 2 x 10~4s~1 [128]. The degradation rate of protein LuxI d; was estimated to be
1.67 x 1074571 [127] and 5 x 10735~ [128].

AHLs were described as very stable compounds, their degradation rates d4 were
at the order of 107 —107>s~! [131]. AHLs are also bio-degradable [160]. In the
model of ref [128, 161], AHL degradation was completely ignored. Ref [127] used
1.67 x 10757 for dy.

k7 is the dimerization rate of LuxR-AHL monomer. Ref [128] estimated it to be
1x1072t03x 10°nM s~ 1. Ref [127] estimated it to be 8.3 x 10~ *nM 1571, dy
is the dissociation rate of LuxR-AHL dimer. Ref [128] estimated it to be 0.01s~ 1.
Ref [127] estimated it to be 0.17s~!. Ref [132] used the value 3.85 x 1045~ 1.

2
kd’%’* was estimated to be 8 x 10~ 2nM 3571 [132],1.21 x 10~ 2nM 357!
P

[128], and 8 x 10~ 8nM 351 [127].

The value of k»

Clearly, wide parameter regions for QS network kinetics were provided in literature.
Therefore it is necessary to research on how the network response within the regions

to understand QS dynamics in depth.
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3.1.2 QS network kinetic parameter values are heterogeneous among

individual cells

Although QS network kinetic parameters are currently unknown, evidence from lit-
erature shows that they are heterogeneous among individual cells. Isogenic bacte-
ria cells in nearly identical environment can vary significantly in their phenotypes
[73, 72]. The examples of non-genetic population heterogeneity are vast. The next
division time of two nearby daughter cells produced by division of one mother cell
are rarely the same [51], although their genetic information and local environment
are nearly the same. Non-genetic heterogeneity of QS network was also observed.
In identical environment, the fluorescence and QS turn on time of V(fischeri were
different among individual cells. LuxR is the master regulator of V.harveyi QS and

the luxR gene expression of V.harveyi is heterogeneous among individual cells[133].

With the advancement of technology, direct measurement of cellular network kinetic
parameters is possible. Single gene expression network kinetic parameters of eukary-
otic yeast cells were measured [23] and the standard error to mean of every parameter
is near 0.5. This is direct evidence that kinetic parameter values are heterogeneous

among individual cells in identical environment.

Non-genetic population heterogeneity in bacteria is caused by noise and bi-stable or
multi-stable states of cellular network[155, 162, 163, 134]. To better understand QS
network properties, how does changing parameter values and parameter heterogene-

ity contribute to noise and switching behaviour of QS network should be studied.

As Vibrio fischeri QS is the earliest found QS network and is the prototype of QS for
gram-negative bacteria [158], therefore is used to study how QS network response
properties depend on parameter values and how parameter heterogeneity affect noise

and switching behaviour of QS network.
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Table 3.2: Components of V.ficscheri QS network and their symbols

symbol component
R LuxR protein
A intracellular AHL
P R-A
Z dimer of P
Il LuxI protein
r LuxR mRNA
i LasI mRNA

A, outracelluar AHL

3.2 Methods

3.2.1 Exploring V (fischeri QS network response in parameter space

Figure 2.3A shows the network of V(fischeri QS network, and the components and

corresponding symbols are shown in Table 3.2.

ODEs of each components can be obtained from reactions of V.fischeri QS network

(Figure 2.3, Table 3.2 and 3.3) are shown in equations 3.1-3.7.

P

‘;—t = kraRA — dpP + 2d;7Z — 2k P* (3.1)
dz

= =k P*—dsZ 3.2
I Z 7 (3.2)
dR

= dpP — kpaRA + k,r — dgR (3.3)
dr V.Z

== —d, 3.4
a0tz B3
dA V4I(P)

= —dpP —kpaRA+ —2—" A A, —A 3.5
dI ,

o =ki—dil (3.6)

di ViZ

— = — —d;i 3.7
dr l0+Ki+Z il (3.7
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Table 3.3: Reactions of V.fischeri Quorum Sensing Network

Reaction Description Rate
I—1+A Translation of LuxI protein Val/(Ka+1)
A, — A +A QS signal diffuse into cell from outside CA,
A — null QS signal diffuse outside cell from inside oA
A — null Decay of QS signal dsA
R+A — P  Combination of receptor protein R and QS signal A kraRA
P—R+A Dissociation of P dpP
R — null Decay of LuxR protein drR
r—r+R Translation of LuxR mRNA k.r
null —r Transcription of LuxR ro+ K‘:’ZZ
r — null Decay of LuxR mRNA d,r
i— i+ Translation of LuxI mRNA ki
I — null Decay of LuxI protein il
null — i Transcription of LuxI ip+ K‘l-/fz
i — null Decay of LuxI mRNA dii
2P 7 Dimerization of P K, P>
Z — 2P Dissociation of Z dzZ
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Since dimer (Z) of the complex of LuxR and AHL (P) can activate many target
genes, and stationary concentrations of other components can easily represented by
P, concentration of P in this model can represent the on and off state of the network.
At first, stationary solutions can be obtained by letting the left side of equations (3.1—
3.7) be zero, by setting outracelluar AHL concentration A, as a constant boundary.
When the network reaches stationary state, we can write the concentration of every

component as a function of P, as in equations 3.8-3.13.

Z(P) = EPZ (3.8)
r(P) = :7(; + lKV’f z (3.9)
R(P) = z—;r(P) (3.10)
i(P) = %0 dl,-K:/fZ (3.11)
I(P) = z—ji(P) (3.12)
A(P) = #fp) (3.13)

From equation 3.5, and 3.8-3.13, the QS network components can be solved numer-
ically. The stationary solutions of QS network were analytically analysed to find
possible topologies of response curve first. Then repeated experiments with each
kinetic parameters randomized were done to see whether different response curve

topologies still exist.

3.2.2 Noise and QS switching behaviour by parameter hetero-

geneity

Noise caused parameter heterogeneity is compared with intrinsic noise. The former

was calculated using deterministic methods and the latter using stochastic methods.

62



Deterministic methods

Cellular network is described by ODEs. Concentrations of components can be rep-
resented by X = {X1,X2,...,Xyu} where M is the number of components. Reactions
can be represented by Ri,R3,...,Ry where N is the number of reactions. Reaction

R; is determined by components concentrations X and environmental conditions Y.
R =R;(X.Y) (3.14)

The ODE of each components can be represented in equation 3.15
dX; ¥ s o
d—t’ =Y aR;(X.Y) (3.15)
j=1
where o is the change of X; concentration per unit of R; reaction. Let the left side

of equation 3.15 be zero, we will get the equations of the network stationary state.

Stochastic methods

When the number of molecules is small, chemical reactions are subject to stochas-
ticity. The reaction rate might be faster or slower than the expected reaction rate in
equation 3.14. The probability that one specific reaction i occurs within an infinites-
imal time dr is g;(X,Y)dt, where the probability function g;(X,Y) is a function of
all the components X and environmental parameters Y. Suppose At is a sufficiently
small value. During A¢, the change of components concentrations X can be ignored.
The expected amount of *” reactions is R;Az. Dividing the At into N equal parts, each
part is dt. When N is very large, we can ignore the probability that more than 2 reac-
tions occur within time dr (O(dt?)). The expected times of reaction i is Ng;dt = g;iAt,

which should be equal to R;A¢. Thus we have equation 3.16.
gi(X,Y)=Ri(X,Y) (3.16)

For the next infinitesimal time dr, the probability that the j* reaction will occur

one time is R;(X)dt. In 7 time, the probability that no reaction occur can be cal-

culated this way. Divide 7 into N(N — ) equal parts, and each part is dr = &

=
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The probability that no reactions will occur is ([T(1 —R;dt))N = [1(1 —R;dt)".

J J

(1-Rjdt)N = (1-R;j£)N = (1 - %)%Rﬂ when N — oo, this equals to e %7
So the probability that no reactions occur within 7 is M(7) = e_§RjT. Let T be the
random variable that the first reaction occurs at [T, T + dt]. The probability that T is
between (¢,7+dt) is M(t)(1—M(dt)) = ZRje_§ledt. So the probability density of
J

T is shown in equation 3.17.

—ZRJ'Z
f)=Y Rje 7 =2Ae ™ with A =Y R; (3.17)
j J

During stochastic simulation, we first randomly generate the time for next reaction
according to equation 3.17. Then another random variable decide which reaction
will occur, according the role that the probability of the i reaction is 1%. And the

perform the reaction and update the concentration of components X.

The algorithm metioned above is the basic stochastic reaction algorithm (SSA). The
advantage is that the simulation is accurate. The disadvantage is that for highly
complex systems, this algorithm will be very slow. V.fischeri QS is only moderately
complex, so this basic algorithm is sufficient. Other stochastic reaction algorithms
include Explicit T-leaping, Implicit T-leaping, Quasi-steady State Approximation and
Total Quasi-steady State Approximation. They are summarized in the review work

of reference [164].

Noise caused by parameter heterogeneity was calculated using deterministic methods
while randomizing network parameters, assuming they obey I'-distribution[23] with
coefficient of variance (sd/mean) 0.1. Intrinsic noise was calculated using stochas-
tic methods with fixed parameter values. They are firstly compared in single gene

expression network and then in Vfischeri QS network.

The switching threshold and switching time heterogeneity caused by parameter het-
erogeneity was calculated by deterministic methods with randomized parameters,
similar with the methods calculating noise. Variance in switching time caused by

intrinsic noise was calculated by stochastic methods.
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3.3 Results and Discussions

3.3.1 Vifischeri QS network baseline parameter values are fitted

by experimental data from literature

The principles below can be used to calibrate parameters of V.fischeri QS network.
1. The outracellular AHL concentration approximately equals stationary intracel-
lular AHL concentration [125].

2. The AHL threshold should be around 30 — 100nM or 10-50 molecules / cell
[133, 22].

3. When A, = 0, the network should only have low stationary solution.

4. When unactivated, the mRNA concentrations of luxR and luxI are less than 15

copies per cell. When activated, they are more than 25 copies per cell [165].
5. When activated, the LuxR concentration exceeds 150 copies per cell [133].
6. Parameter values should agree with existing experimental measured values.
For the first principle, Kaplan et al. found that extra-cellular and intra-cellular AHL
concentrations differ less than 15% within 20s [125]. If we assume the diffusion

rate of AHL through membrane ranges from 0.05-0.5s~! as estimated by references

[128, 127, 159], it is incompatiable with the estimation when the cell is quorum sens-

ing activated. At stationary state, according to equation 3.5, Agfe = GV—/’{‘E. When a cell
1s QS activated at A, around 50nM [133, 22], the difference between intra-cellular
AHL concentration A and A, will be more than 10 folds, which greatly deviates from
the measurement of Kaplan et al. The solution of this incompatiability in this work
is to firstly allow larger ¢ values than those in [128, 127, 159] and secondly also

allow larger difference for A, and A. The time for AHL to reach equilibrium was
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Table 3.4: Principles to fit parameters of V.fischeri QS network

Principle Deviation Score

Switch on threshold A7 should be between 10-50m. ~ ©(10 — A7) 54T + ©(Ar — 50) 4720 *

Max component concentration ¢, does not exceed 15 O(Cpmax — 15) %
when A, =0
Minimum component concentration ¢, should O(25 — cmin) %
exceed 25 when A, = 50
Stationary R exceeds 150 when A, = 50 O(150—R) '51056R

*@(x) = 1ifx>0,=0ifx <0

only roughly measured by Kaplan. And that is only measurement of membrane per-
meability of AHL to date. It is highly possible that AHL has higher permeability
than estimated on this rough data. Also Kaplan’s experimental configuration resem-
bles the batch culture, and the model in this work assumes constant A, concentration
which resembles the continuous culture [166] and allows for larger difference be-
tween A and A, because flow will continuously take out AHL from the culture. So
AHL inside cell have larger transportation rate which results from larger concentra-
tion difference between A, and A. Another solution would be to assume that cel-
lular AHL concentration is always equivalent to that of extracellular concentration.
But this assumption presumes infinity of membrane permeability and AHL diffusion
rate, which are quite unrealistic, and also the positive feedback loop of LuxI becomes

meaningless under this assumption. Thus the first solution was used.

Each principle is manually assigned a deviation score. If principle i is satisfied, then
the i score s; is 0. Otherwise s; equals the percentage of deviation from the maxi-
mum/minimum value. For example, when the network is unactivated, the stationary

luxR mRNA concentration of r cannot exceed 15m.. Suppose with certain param-

eters r = 18m,, the deviation score of this principle is 181_515 = 0.2. All deviation
scores are listed in table 3.4. The total score S7 is the sum deviation scores of each
principle. Thus S is a positive function of all the parameters B. Greedy algorithm is

used: Every step the parameters are moved along the direction of total score gradient

66



stationary P(molecule/cell)

Figure 3.1: The response curve of stationary P to outracellular AHL concentration A, of Vfischeri

quorum sensing network. Figure A,B,C and D are produced with parameter sets A,B,C and D in table

3.5 respectively.

VSr (E) until S7 is zero or very small. There is a large region of parameters that

satisfies the principles mentioned above. One set of them is shown in table 3.5 (set
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A). This value set will be the baseline value in further analysis.

Apparently, current available data was not enough to fit most of the parameters in
the LuxI/R quorum sensing network V.fischeri, although it is the earliest found QS
network. When all the fitting principles are satisfied, there is still a wide space of

possible parameter region. Accurate parameter measurement and quantitative exper-

imental data can increase the accuracy of the V.fischeri QS model.
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3.3.2 QS network response curve topology is dependent on inter-

action strength

Four response curves of stationary LuxR-AHL P to external AHL concentration A,

with different topologies were found in Vfisheri QS network as shown in figure 3.1.

Using fitted baseline values (set A in table 3.5) for each parameter, at a single ex-
tracellular AHL concentration A, value, stationary P concentration has one or three
solutions. When there are three solutions, one of them is unstable (figure 3.1 A).
The stationary P concentration to extracellular AHL concentration A, curve has a
hysteresis loop. Supposing that initially A, = 0 and the cell is at stationary state with
lower P value. QS is off at this state. Slowly increasing the extracellular signal con-
centration only increases P at a small level. However, when A, is increased above a
threshold value, P will jump from low concentration to high concentration and QS
will turn on. If initially the cell is at QS on state, slowly decreasing the signal will
not turn QS off at the turn-on threshold but at some value lower beyond the turn-on

threshold.

When parameter set B in table 3.5 is used, there are two stable solutions of stationary
P when A, = 0 (figure 3.1 B). When initially the network is at off state, slowly
increasing A, will turn on the network similarly with that using parameter set A.
However,when the QS network is initially at on state, slowly decreasing A, will not

turn the network off even when A, reaches 0.

When parameter set C in table 3.5 is used, there will be only one high stationary P
solution for any A,. That indicates the network will be always at on state regardless

of the concentration of A,.

When parameter set D in table 3.5 is used, the response curve becomes continuous
(figure 3.1 D). There is only one stationary P solution for any A, values. Pattern D is
different from pattern C. Pattern D is that when A, is small, stationary P is low and

when A, is large, stationary P is high. Also at small A, stationary P increases slowly
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Table 3.5: Parameters and their values of V.fisheri QS network

Parameters set A* set B set C set D unit reference

c 0.944 0.9252 0.5923 1.075 sTh [125,129, 127, 159]
Vi 61.722 62.852 54.848 51.435 me/s*  [129, 130]

Ky 539.312 532.946 302.002 632.685 me  fitted
kga 9.49x 1075 9.677x 1075 1.085x107% 1.11x107* m_ls™! [128,127]

dp 0.006265 0.00614 0.003931 0.008302 sTh (128, 127]

ro 1.85x107%  1.85x107*  3.172x10™* 0.003108 me/s  [128,127]

io 6.217x107  6.217x1075 9.98x 107>  7.949x 10>  m./s  [128, 127]

d, 4286 x107% 4.201x107* 2.69x107*  6.002x 10~  m./s  [167, 168]

d; 5.682x107* 5.615x107* 3.182x107% 2.634x1074 s [167, 168]

v, 0.01776 0.01811 0.01424 0.006083 sh[128]

Vi 0.06853 0.06933 0.06957 0.01778 me/s  [128]

K, 1.403 1.401 0.6756 1.24 me [128]

K; 41.641 41.291 38.435 48.684 me [128]

k, 0.007794 0.007948 0.008906 0.009777 sTU (128, 127]

ki 0.00715 0.007234 0.01143 0.00244 sTh (128, 127]

dg 6.139x107*  6.017x107* 3.852x107* 8.114x107% ! [128, 127, 169]
d; 8.294x 107 8.196 x 107*  4.644 x 107*  0.003845 s [128, 127, 169]
dy 3.0x107° 3.0x107° 3.0x 1076 4216x 1076 57! [131]

kz 8241 x107% 8.322x 107 9.694x107% 8.292x10°% m 's~' [128,127]

dz 0.0191 0.01891 0.011 0.01576 5! [128]

* Parameter values in set A are the fitted parameters

mc: molecules/cell
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Figure 3.2: f(P) to P for different parameter sets. Figure A,B,C and D are the results using parameter
sets A,B,C and D in table 3.5 respectively. f(P) is defined in equation 3.18. When parameter set C is

used, only part of the f(P) to P curve is shown in figure C. The unit of A, is molecule/cell.

with A, and at large A,, stationary P increases quickly with A,. The network can still
be considered being turned on and off by extracellular AHL concentration A,. But

the hysteresis loop disappers compared to pattern A with baseline values.

From equations 3.8-3.13, stationary solution of the QS network can be solved by

equation f(P) = 0 with f(P) defined in equation 3.18.

_ VAI(P)
fP)= Ky +1(P)

—dsA(P)+0(A.—A(P)) =0 (3.18)
When parameter sets A, B or C are used, the curve of f(P) to P has a local maximum
Imax(A¢) and a local minimum 1,,;,(A,) (figure 3.2 A, B and C). Using parameter
set A, Lna(0) < 0 and when A, = 0, f(P) = 0 has one low solution. When A,
is intermediate, f(P) = 0 has 3 solutions, the middle of which is unstable. When
A, = 40m¢, f(P) = 0 only has one high solution. Thus the QS network is off when

A, 1s small, has multi-stable states when A, is intermediate and is on when A, is

large, as in figure 3.1 A.

Using parameter set B, ,,,,(0) > 0 and [,,;4,(0) < 0, f(P) = 0 has 3 solutions at
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Figure 3.3: Relative fold changes of parameter sets B,C and D to set A.

A, = 0, the middle of which is unstable. When A, = 40m,, f(P) = 0 will only have
one high solution. Correspondingly, the QS network will have multi-stable states at

A, =0. When A, is large enough, the QS network is at on state.

When parameter set C is used, /,,;»(0) > 0, f(P) = 0 always has high solution, re-

gardless of the value of A,. Thus the QS network is only at on state.

With parameter set D, the topology of the curve of f(P) to P changes. There is no
local maximum and minimum (figure 3.2 D). The solution of f(P) = 0 is low when
A, 1s small and is high when A, is large. But there is only one solution for any A,. So

the QS network can be turned on and off by A,, only there is no multi-stable state.

Parameter set B was obtained by making /,,,,(0) > 0 and /,,;,(0) < 0. Parameter set
C was obtained by making /,,;;, > 0. In parameter set D, the local maximum of f(P)

disappeared, and f’(P) was always negative (figure 3.2 D). From equation 3.18, we
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know that f’(P) is independent of A,, thus if the parameter set makes f'(P) at A, =0
negative, f’(P) will always be negative. The maximum of f’(P), f,,,. can be treated
as a function of parameters. Parameter set D was obtained by making f; . < O.
The algorithm of obtaining parameter set B,C and D is similar with that of fitting

parameter set A.

Relative fold changes of parameter sets B, C and D to set A are shown in figure 3.3.
Comparing with parameter set B, which shifts the multi-stationary states to A, = 0,
none of the parameter deviates more than 2% of its baseline value in set A. Parameter
set C has relatively larger average changes. But none of them exceeds 100%. Two
parameters have significant changes in parameter set D, ry and dj, which change 15

and 5 folds. Other parameters have relatively small changes.

Vfischeri quorum sensing network has two positive feedback loops: R = P — Z —
r—Randl —A — P — Z — i — I. Deterministic model with fitted parameter set A
predicts multi-stationary states at imtermediate levels of extracellular AHL. This is in
agreement with literature that positive feedback loops can result in multi-stationary

states [152, 153, 154].

Different parameter sets can even cause the change in the topology of stationary P to
outra-cellular AHL A, curve. It does not mean that wild type V.fischeri do have these
four different response patterns found in this thesis. But it probably can be engi-
neered to achieve this effect. It was shown in ref [170] that hysteresis loop can disap-
pear for some parameter set in network consisting positive feedback. The bistability
of glucose and lactose metabolic pathway in E.coli has been long studied. Lactose
and similar molecules like thio-methylgalactoside (TMG) can induce the expression
of lac operon. One of the genes in this operon laxY produces lactose permease which
in turn enhance the transportation of TMG, thus producing a positive feedback loop.
Operon lac is repressed at low TMG concentration (<3um) and fully activated at
high TMG concentration (>30um). At intermediate TMG concentrations, the curve

of lac operon expression and TMG concentration has a hysteresis loop, and in this
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region, a single cell can have bistable phenotype. Mathematical model predicts that
reducing the repression factor p can eliminate the hysteresis loop. This was exper-
imentally proved by Ozbudak et al. by inserting plasmids with lac promoter, which
competed the binding of repressor Lacl and decreased the value of p. In strains
with average 25 copies of this plasmid, the hysteresis loop disappeared [170]. In this
work, a single value, the repression factor p was reduced around 30 folds (from 170
to 5). When the network was more complex and had more parameters,like the QS
network of Vfischeri, much smaller changes in multiple parameters could result in
the elimination of the hysteresis loop in the response curve. One result of decreasing
the repression factor p is the increase of basal lac operon activity. That is because
efficient repressor Lacl exists at basal state is not enough. In the Vfischeri quorum
sensing network model of this thesis, basal LuxR production ry increased most in pa-
rameter set D (15 folds), obtained by greedy algorithm, compared to paraemter set A.
This means that, increasing the basal production rate of the key component in a pos-
itive feedback loop with multi-stationary states might eliminate the multi-stationary

states.

3.3.3 Noise by parameter heterogeneity is less than intrinsic noise
when network is repressed, and greater than intrinsic noise

when expressed

In single gene expression network

Single gene expression network (figure 3.4 A) can be expressed by equations 2.17
[155]. where r represents mRNA and R represents protein. The half life time of
mRNA is about minutes [171], hense the degradation rate of mRNA d, is set to
0.001s~! ( 5min half time). Considering that protein is more stable than mRNA[155],
protein degradation rate is set to dg = 0.0001s~!. The translation rates of luxI and

luxR mRNA in Vfischeri are around 0.01s~! as fitted in this work. It was shown
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Figure 3.4: (A): Single gene expression network. (B): Noise by parameter heterogeneity and intrinsic

noise in single gene expression network.

that the number of mRNA copies in E.coli is around 50 when expressed [172]. Con-
sidering E.coli’s cell volume is large, it is assumed that mean mRNA copy number
of expressed gene is 20. Thus the set of parameter values are k, = 0.02s~!,d, =
0.001s~ !, kg = 0.015~!,dg = 0.0001s~!. It is assumed that they obey I distribution
resembling the experimental results in reference [173] with coefficient of variation
0.1 while calculating noise caused by parameter heterogeneity. k, was gradually
decreased and the two noise were calculated, as shown in figure 3.4. Noise is repre-

sented by Fanto Ratio (variance/mean) of protein R.

Intrinsic noise barely changes with mean mRNA copy number but noise by parameter
heterogeneity increases linearly with mRNA copy number. Thus when single gene
expression network is repressed (mean mRNA < 2), intrinsic noise is larger than
noise by parameter heterogeneity. But when the gene is expressed (mean mRNA >

10), noise by parameter heterogeneity will be larger than intrinsic noise.

Ozbudak er al. showed in single gene expression, the mRNA burst size (kg /d,, mean
protein produced one mRNA) approximately equals to the time series Fanto Ratio
of protein in a cell[155]. However, when parameter heterogeneity exists in the cell
population, the population Fanto Ratio was not equal to the time series Fanto Ratio

of a single cell[174] and thus is not equal to mRNA burst size, as shown in figure
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Figure 3.5: Comparison of population level protein Fanto Ratio and mRNA burst size in single gene

expression network with parameter heterogeneity.

3.5.

In Vifischeri QS network

Teng et al. measured the copy number of the master regulator LuxR dimer in V.harveyi
[133] and showed that the Fanto Ratio of LuxR is 12 at QS off state and increased to
50 at QS on state. Despite of a same name, LuxRs in V.harveyi and V.fisheri are not
homologous. LuxR in V.harveyi is directly regulated by small mRNAs. However,
they are both involved in the QS network of the two species and are repressed at
low population density and expressed at high population density. The Fanto Ratio of
LuxR in Vfisheri was calculated using stochastic methods and deterministic methods
with parameter heterogeneity. The calculated data from V.fisheri QS network model
will not be compared with the exact value of V.harveyi experimental data, but to see
the trend of change in component Fanto Ratio from QS off to on state. The master

regulator Z or P is not used because using fitted parameter set A, their values were
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Table 3.6: Fanto Ratio of LuxR number predicted by different models

Fanto Ratio QS off QS on
Experiment of V.harveyi 12 50
Stochastic Model 8 1
Deterministic Model with Parameter Heterogeneity 0.2 22
Combined model 9 22

mostly 0 using stochastic modeling at QS off state. When the model includes stochas-
tic methods, the sample size was 1000 and one sample was obtained by stopping the
reaction when reaction time reaches 2 x 10*s for QS off state and 1 x 103s for QS
on state. As shown in table 3.6, simulations with only stochastic methods predict the
Fanto Ratio of LuxR decreased from 8 to 1 when a cell was QS switched on. Using
deterministic methods only with parameter variation, Fanto Ratio increased from 0.2
to 22. And combining the two sets of methods together, the model predicted that
Fanto Ratio increased from 9 to 22, which fits the experimental trend best. Thus
modelling and experimental data suggested that intrinsic noise dominates when QS

is off and noise by parameter heterogeneity dominates when QS is on.

3.3.4 Parameter heterogeneity contributes significantly to QS net-

work switching on threshold and time variation

For QS network with mutli-stationary states (parameter set A and B in table 3.5),
the threshold value is the smallest A, when the QS network has only high stationary
solution for f(P) = 0 (equation 3.18). When the QS network has multi-stationary
states, the curve of f(P) to P has a local minimum /,,;, (figure 3.2 A and B) . The
local minimum was calculated as a function of A, Lyin = lnin(Ae), and the solution
of Iyin(A) = 0 is the switching threshold of the QS network. The threshold can be

solved numerically easily.

A sample of QS turning on threshold A7 with random parameters was obtained using
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Figure 3.6: (A) Distribution of Vfisheri Quorum Sensing network switch on threshold (Ar). (B)
Coefficient of variation (standard deviation / mean) of A7. (C) Mean Ar at different parameter cv
values. (D) Percentage of quorum sensing on and off to A, with parameter cv = 0.05. Each parameters
independently obeys I'-distribution with mean equals its baseline value. The coefficient of variation

(cv) is equal for all parameters. For a single value of cv, the sample size is 10°.

values in parameter set A as the baseline values. The distribution of A7 was calcu-
lated by getting 10% samples. When parameters deviate from their baseline values,
the switch on threshold A7 had a distribution shown in figure 3.6 A. When parameter
cv increased, the shape of A7 density function became broader. Increasing parameter
cv also increased the cv of A7 (figure 3.6 B). This meant that the mean A7 with the
parameter distribution mentioned earlier is different from the A7 of a cell with mean
parameter values (when cv = 0). This is in agreement with reference [173] that the
behaviour of a cell with average parameters deviates from the average behavior of the
population. The mean value of Ar also increases with cv (figure 3.6 C). The density

distribution of A7 is non-Gaussian.
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Parameter heterogeneity of individual cells caused the shift of QS switch on thresh-
old. Thus , only a portion of the bacteria cells will be turned on at an appropriate
homogeneous extracellular A, concentration, and phenotypic separation was caused
by the difference of turning on threshold. This was in agreement with experiment in

reference [22].

Sensitivity analysis enables the understanding of how much change of the threshold
value caused by the change of each parameters. The normalized forward sensitivity
index [175] is used here as in equation 3.19.

A7 b;

= 1
%= oh Ar (3.19)

Ar is the switch on threshold value of Vfisheri QS network when all parameter val-
ues were set to their corresponding baseline values; b; is the baseline value of the
i" parameter used in the quorum sensing model. The normalized forward sensitivity
index showed the percent of threshold change caused by 1 percent change of param-
eter near its baseline value. Assuming all parameters obey I'-distribution with the
same coefficient of variation (cv).The normalized sensitivity index is shown in figure
3.7. It was clear that the normalized forward sensitivity indexes of every parameter
is less than 1.2. The indexes of kg4, dp, ro, d,,V,.K,,dr .k ,kz, and dz are between 0.5
and 1.2. Those of the others are minimized. The result means that a small change of
any parameter will not result in big difference of the turn on threshold of V.fisheri QS
network. However, simultaneously variation of all the parameters might have more

significant effects.

Switching time heterogeneity of V.fischeri can be caused by both parameter hetero-
geneity and intrinsic noise. When V fischeri QS network is initially at off state and
ourtracellular AHL exceeds its turning on threshold, it requires some time to turn on.
Switching behaviours with deterministic model and an instance of stochastic model
are shown in figure 3.8. In modelling analysis, it is assumed that initially the cell is at
quorum sensing off state, and the component concentrations are equal to the station-

ary concentrations when A, = 0. The ourtracellular AHL is assumed to be 100m,.
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Figure 3.8: Switching behaviors of deterministic and stochastic models of V.fischeri QS network.
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The network is treated as on when for every component, the difference to final con-
centration Xjp is less than 0.1 of its initial difference (X100 — X < 0.1(Xj00 — X))
Using parameter set A, stochastic model predicted that the mean switching time is
32335s with standard deviation 6325s (from 22 samples). Assuming each param-
eters obeys I'-distribution with cv 0.1, deterministic model predicts that the mean
switching time is 35967s with standard deviation 9198s (from 10000 samples). Ex-
perimental results in reference [22] show that in Vfischeri QS network, when time
ranges from 100-150 minutes, QS start to response to external AHL and after 150-
250 minutes, QS will reach final on state. It is difficult to compute the contributions
of intrinsic noise and parameter heterogeneity on the switching time heterogeneity
from one-time experimental data. The simplest method is to measure the turning
on time multiple times and see whether switching on times of the same cell have

correlations.

3.4 Concluding remarks

QS is clearly correlated with biofouling. QS network structures are well studied, but
parameters in QS kinetics are mostly unknown. The values of the same parameter
used in literature strongly disagree with each other. It is necessary to analyse QS
network properties within reasonable parameter region to improve the understanding
of QS. On the other hand, literature shows that parameters of QS network are het-
erogeneous among individual cells even the environment is identical. This chapter
analysed the noise caused by parameter heterogeneity in QS network by the compari-
son of it to QS network intrinsic noise and concluded that QS network response curve
topology is dependent on both network structure and interaction strength. With the
kinetic parameters aligned with literature, intrinsic noise is greater when gene is sup-
pressed, while noise by parameter heterogeneity is greater when gene is expressed.
This chapter provides a theoretical foundation of how QS network depends on inter-

action strength and deeper understanding of QS network noise caused by parameter
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heterogeneity by comparing with intrinsic noise.
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Chapter 4

Synergistic effects of quorum
quenching enzyme and competitive
binding quorum sensing inhibitor in

inhibting P.aeruginosa QS circuit

4.1 Introduction

Bacterial quorum sensing(QS) can greatly impact microorganisms in waste water
treatment plants [145]. Biofilm formation and dispersal were shown to be controlled
by QS for species like Pseudomonas aeruginosa [176], Staphylococcus aureus [177)
and Vibrio cholerae [178]. QS is also related to membrane biofouling in treatment
plants and it was shown that quorum quenching(QQ) enzymes can reduce biofouling
[179]. Thus controlling and inhibiting QS can greatly influence waste water treat-

ment processes.

Substances that inhibit QS can be separated into two main groups. The first group is

QQ enzymes, that target QS signals, and the second is the quorum inhibitors (QSIs),
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Table 4.1: Parameters in Chapter 4

Symbol  Definition
Vi Maximum production rate of AHL
dy Degradation rate of AHL
kra Combination rate of LasR and AHL
dp Dissociation rate of LasR-AHL monomer
dg Degradation rate of LasR
k- Translation rate of LasR
ro Basal production rate of lasR mRNA
V. Maximum production rate of lasR mRNA by QS
B Constant related to Vfr regulation
K Half-saturation constant of lasR production with Vfr
K Half-saturation constant of lasR production without Vfr
d, Degradation rate of lasR
ki Translation rate of lasl
dy Degradation rate of Lasl
io Basal production rate of lasl
d; Degradation rate of lasl
Kp Dimerization rate of LasR-AHL
dz Dissociation rate of LasR-AHL dimer
kro Combination rate of LasR and QSI
dr Dissociation rate of LasR-QSI
n(QQ) Degradation rate of AHL by QQ
P Cell volume fraction
Vi Average cell volume
Amax Maximum AHL concentration
G Gl
krc Combination rate of LasR and G1
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where interfere with QS components [144, 145]. QQ for AHL-based QS either de-
grades AHL lactone ring or the acyl side chain [144]. Competitive binding QSIs
mimic natural AHL and bind to the receptor protein and compete with natural AHL
for binding sites [147]. For example, LasR-specific antiactivator can bind to LasR

and inhibit its activity. It was found that this inhibition mechanism is to prevent the

dimerization of LasR [148].

The mechanisms and applications of these QS inhibitors remain to be studied. Fur-
thermore, the combination effect of QQ and QSI has rarely been studied. Whether
QQ and QSI interact with each other synergistically, act antagonistically or just have
additive effects has not been proved. It is reasonable that they are synergistic because
QQ targets at the signal AHL and QSI targets at the receptor, which interrupt the two
positive feedback loops separately. Mathematical model and experiments are both

needed to prove previously commented synergistic hypothesis.

One example of QQ is the AHL-lactonases, AiiA, which degrades AHL by hy-
drolysing its lactone ring [180]. As most gram-negative QS signals share the same
lactone ring, theoretically, AiiA can degrade a wide range of AHLs. It has been ex-
perimentally shown that AiiA can degrade 3-0x0-C12-HSL and C4-HSL produced
by P.aeruginosa las and rhl circuits, respectively. G1 as a QSI was found by structure-
based virtual screening method. Gl1 is able to compete with natural AHL for the
binding cite of LasR, therefore inhibit QS in Paeruginosa PAO1. G1 was found to

affect 46 proteins, including several virulence factors like elastase and chitinase [1].

The las and rhl QS circuits of Paeruginosa interact with each other in a hierarchical
manner, where the rhl circuit is under control of las curicuit. The most important
feature is that LasR-AHL dimer directly controls the trancription of lasR gene [116].
In Paeruginosa PAOI1 strain, where both las and rhl circuits exist, G1 could only
inhibit las system but cannot inhibit rhl system. However, when lasR was mutated,
G1 can effectively inhibit rhl system [1]. The mechanism of this phenomenon needs

to be studied and the inhibition effects on strains only containing las system or rhl
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Figure 4.1: Paeruginosa LasR/I QS circuit with QQ and QSI indicated in red. Dotted lines indicate
the reactants still remains after the reactions, and solid lines indicate the reactants will disappear after

the reactions.

system are of interest.

This work uses mathematical modelling of the Paeruginosa LasR/I QS network in
batch culture to investigate whether QQ and QSI have synergistic, antagonistic or ad-
ditive effects on quenching QS. Then the effect of G1 on rhl system was specifically
studied. The modelling results were then proved by experiments (conducted by Ms
July Fong) using AiiA as QQ and G1 as QSI and some of the experimental results
are also shown in this chapter for the purpose of comparison better understanding
. The inhibiting effects of G1 on strains containing only las or rhl systems will be

compared using modelling methods and followed by experimental validation.

4.2 Materials and methods

The LasR/I and RhIR/I QS circuits of P.aeruginosa are shown in figure 4.1. QQ and
QSI are written as Qg and Q; where necessary to avoid confusion. QSI binds to LasR

similarly to AHL, however, AHL can stabilize LasR[148] but QSI cannot.
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Table 4.2: Reactions of P.aeruginosa LasR/I Quorum Sensing Circuit

Reaction Description Rate
I—-1+A Production of A %

A — null natural decay of A dpA
R+A—P Combination of R and A kraRA
P—>R+A Dissociation of P dpP

R — null Decay of LasR protein drR

r—r+R Translation of lasR mRNA kyr

null = r transcription of lasR ro+ VrZ(% + %)

r— null Decay of lasR mRNA d,r
i—i+1 Translation of lasR mRNA kil
I — null Decay of Lasl protein drl
null — i Transcription of lasl io+ K‘;/fZ
i— null Decay of lasI mRNA dii
2P —~Z7 Dimerization of P KpP?
Z — 2P Dissociation of Z dz7Z
R+Q;—F Combination of R and Q; kroRO;
F—R+0Q; Dissociation of F dpF
F—0 Degradation of R in F' dgrF
A —null  degradation of A by QQ enzyme Nn(Qp)A

las circuit

table 4.2.
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P.aeruginosa QS networks have been intensively studied by experiments and models

[181, 128, 127, 126, 182, 148, 183]. The reactions of LasR/I QS circuit are shown in

Since we are only interested in whether QQ and QSI have additive, synergistic or
antagonistic effect in inhibiting QS, some complex features in the QS network can
be simplified to make the model easier to implement and reduce computational cost.
Models only tell the stationary concentrations of QS components given QQ and QSI
with final cell volume fraction p of real growing cluture. Time for QS to turn on

is much less than the time required for the growth of cell culture[22]. Successfully



inhibiting QS with fixed p is sufficient to inhibit QS in a growing culture where cell
volume fraction finally reaches p. Cell heterogeneity is ignored and every cell is syn-
chronized. AHL diffuses so fast that it is homogeneous inside and outside cells[125].
Vir is assumed to be some large enough constant unless otherwsie indicated, as Vfr
is normally expressed in experimental strains. The interactions of LasR/I QS circuit
with other cellular components, such as the binding of 3-oxo-12HSL to RhIR[126],
are ignored. QSI concentration is considered a constant because its concentration
is sufficiently large. A maximum concentration of AHL A,,,, is set in the model to
avoid extremely large concentration of AHL, while not affecting the question inter-

ested in.

The ordinary differential equations of each components are listed in equations 4.1 to
4.8. Stationary QS components are solved by letting the left side of these equations

be 0.

dA Val

— = dpP — pkraRA — dsA — (1 — A 4.1
7 pKA+I+pP Pkra WA —(1—p)n(Qo) 4.1)
R

‘;_t = kyr+dpP — kgaRA — drR + dpF — kgoRQy (4.2)

dF

= kroRQ[ — dpF — dgF (4.3)
dr ro V.Z 1 —e BV e BV

— = —d 4.4
dt Vb Vb ( Kr1+Z +K}’2+Z) "’ ( )
P

‘fl_t = kgaRA — dpP + 2d;7 — 2k, P? 4.5)

dz

2 kP2 —d 7 4.6
=k ., (4.6)

. -

i b Vi 4 (4.7)
dt 'V, V,Ki+Z

dl :

E = kil — d][ (4-8)

Most of the parameter values of P.aerigunisa LasR/I QS circuit are not known. They
were firstly estimated from literature and then fitted to allow switching behaviour of
the QS network, which was observed in experiments[22, 184]. These fitted parame-

ters are shown in table 4.3.
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Table 4.3: Fitted Parameters of P.aeruginosa LasR/I Quorum Sensing Circuit

Parameter Value Unit References
Vi 1.37 um? [185]
Vi 181.476 nM/s [129, 130]
Ky 1585.6 nM fitted

kra 32x107° aM~ st [128, 127]
dp 6.265 x 1073 57! [128, 127]
0/ Vi 224 %1074 nM/s [128, 127]
io/Vy 7.52% 1073 nM/s [128, 127]
d, 4.286 x 1074 57! [167, 168]

d; 5.682x 1074 57! [167, 168]
Vi /Viy 0.021 nM/s [128]
Vi/V 0.083 nM/s [128]

K, 4.125 nM [128]

K, 50 nM [128]

K; 122.43 nM [128]

k, 7.794 x 1073 57! [128, 127]

ki 7.15x1073 571 [128, 127]

dg 6.139 x 1074 s7! [128, 127, 169]

d; 8.294 x 10~* s7! [128, 127, 169]

da 3.23x 107 s7! [131]

kz 2.803x 1070  aM~ls7! [128, 127]

dz 0.0191 57! [128]

kro 3.23x 107> aM 57! use Kra

dr 6.265 x 1073 s use dp
Apmax 20 um assumed
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Relative fluorescence (GFP per ODggq)

Figure 4.2: Normalized GFP to G1 and AHL concentrations in E.coli lasB-gfp strain (from reference

[1]).

4.2.2 Quantify competitiveness of QSI to natural AHL

The competitiveness of QSI to natural AHL in binding receptor protein is hard to
quantify. Because it is not only related to the binding rate, but also the dissocia-
tion rate of the binding product. Furthermore, the fact that AHL stabilize receptor
protein adds to the complexity of quantification. On the other hand, experiments
cannot directly measure the binding rates of QSI and AHL to receptor protein and
the dissociation rates of the binding products. However, experiments can control the
concentrations of QSI and AHL and measure the expression of target genes by the
green fluorescent protein (GFP) (normalized by OD). For example, in E.coli lasB-
gfp strain, where lasR-lasB-gfp genes were inserted as plasmids, GFP values were

measured under various different concentrations of G1 and AHL [1].

A simple model is proposed to estimate the competitiveness of QSI to natural AHL
from experiment data. In this model, it is assumed that lasR, lasB and gfp genes are
activated by the same promoter LasR-AHL. Measured normalized GFP value is pro-

portional to protein concentration, which is proportional to gfp mRNA concentration
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and which in turn is proportional to lasR mRNA. Thus the model can be described
by equations 4.9 to 4.12 regarding the components of lasR mRNA (r), LasR protein
(R), AHL (A), LasR-AHL (P), G1 (G) and normalized GFP (GFP). Here a simple

Monad kinetics was used the describe the relationship of transcription rate of r to P.

dr P

A VA S| 4.9
dr ro + rKr—l-P 2 4.9)
dR

T =dpP — kraRA — drR + dpF — krgRG (4.10)
dP

E = —dpP+ krsA 4.11)
dF

where K, is half saturation rate of P; d, is the degradation rate of lasR mRNA and
dr is the dissociation rate of LasR-G1. Other parameters have the same meaning as

those shown in table 4.2.

With this model, the stationary components can be written as equation 4.13.

k3

kok k,Ok kik
2f_|_2 f+13 ——
riApkf

A[GFP)> (4.13
Kr k4Kr err [ ] ( )

[GFP] =

A[GFP]— kgG[GFP] -

where k; = r—(: + Z—:, ky = :TO,KV’ kz = 5—;, k, = de’;, [GFP] = kyr and 0 is shown in
equation 4.14.

FA krcdp

0b=—=—"——"— 4.14
PG kpa(dp +dR) ( )

0 represents the ratio concentration of F caused by unit concentration of G to the
concentration of P caused by per unit of A and thus can represent the competitiveness
of G to A in binding with R. 6 was estimated from equation 4.13 with multi-linear

regression using experimental measured data [GFP], A and G.

4.2.3 las and rhl circuits

Figure 4.3 shows P.aeruginosa QS network with both las and rhl systems. Compo-

nents in las system are represented by subscript 1 which can be indicated by table
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Figure 4.3: Paeruginosa network structure with both las and rhl circuits.

4.2. Components in rhl system are represented similarly with subscript 2. i and r;
represent rhll and thIR mRNAs; /> and R, represent Rhll and RhIR proteins; A, rep-
resents C4-HSL or BHL; P; represents the binding product of RhIR and C4-HSL and

Z; represents the dimer of . F; and F> represent R1-G1 and R,-G1. The degradation
rates of QQ to A; and A; are 11 (QQ) and N> (QQ) respectively.

Only the most important interaction of las and rhl system was included in the model:
Z, positively regulates the transcription of r,. Here it is assumed that Z; and Z; bind

to the same promoter of rhIR gene and act equivalently. As a result, the transcription

VAR

2Kt Z 17 The other reactions and kinetic

rate of rhIR increased by Z; and 7%, is V,
parameter values of rhl system are assumed to be the same as their corresponding

parameter values in las system, for simplicity.
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4.3 Results

4.3.1 Vfir increased turning on speed of QS

Vfr was shown to be able to directly bind the to promoter region of lasR and activate
the transcription of lasR gene [181]. Let V be the concentration of Vfr and y(V) be
the probability that Vir is bound to the promoter region of lasR gene. Then we have

equation 4.15 to solve y(V).
I=y(Vi+V2) = (1=y("))(1 = 7(V2)) (4.15)
Thus we can get the binding probability y(V) expressed in equation 4.16.
Y(V)=1—¢BV) (4.16)

Experimental data shows that Vfr will not affect the final QS status [181], thus it
is assumed that Vfr promotes the binding of LasR-AHL dimer and lasR promoter
represented by different half saturation constants of LasR-AHL which is shown in

table 4.2.

The regulation of Vfr is complex with many unknown factors. In this model the con-
centration of V{r was assumed to time invariant to show how Vfr affect the QS of
Paeruginosa. The time series concentration of LasR-AHL (P) at different Vfr con-
centrations are shown in figure 4.4. Vfr increases the speed of turning on QS but will
not affect the final concentrations of LasR-AHL and other QS related components.

This is in agreement with the work in reference [183].

As the focus of this work is the combined effect of QQ enzyme and QSI, in the
further analysis of the P.aeruginosa QS model, Vfr is considered sufficient and the
activation of lasR gene by LasR-AHL dimer (equation 4.4) becomes normal Monod

Kinetics.
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Figure 4.4: Time series concentration of LasR-AHL at different Vfr concentrations. V is the concen-

tration of Vfr; 1 —e PV is the probability that Vfr is bound to the promoter region of lasR gene.

4.3.2 Either QQ or QSI only could inhibit quorum sensing with

low efficiency

When only QQ was added, simulation results in figure 4.5A show distinct on and off
states of QS. When QQ concentration is low and n(QQ) is small, stationary AHL
concentration is very high. But when 1n(QQ) exceeded a threshold, stationary AHL
concentration suddenly decreased to an insignificant value. Similar switching be-
haviours have been observed in the simulation response curves of QS components to
population size[186], cell volume fraction[126] or to external AHL concentration[ 128].
Switching behaviours of QS network have also been observed experimentally at indi-
vidual cell level[22, 184]. Experimental results of time series GFP when adding AiiA
alone (figure 4.5C) also showed inhibiting behaviour. But switching behaviour was
not observed. The final GFP value (time = 15h) gradually decreased when increasing

AiiA.
Simulation results of adding only QSI (figure4.5B) show similar switching behaviour.
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Figure 4.5: QS dynamics when only QQ or QSI is added. (A): Simulation results of stationary
AHL concentration to n(QQ). (B): Simulation results of stationary AHL concentration to QL. (C):

Experimental time series GFP adding only AiiA. (D): Experimental time series GFP adding only G1.

However, stationary AHL concentrations are higher with sufficient QSI and the slope
at the switching point is less steep, compared with simulation results of adding QQ
alone at large p. Experimental results of adding G1 only are very similar with these
of adding AiiA only. GFP gradually decreases with G1 and no switching behaviour

was observed.

Both experimental and simulation results show that either QQ or QSI only can inhibit
QS. In simulations, extremely high 1(QQ) or QSI concentration was needed to in-
hibit QS. In experiments, adding only AiiA or G1 can reduce GFP, but the remaining

GFP values are still high (more than 1/3 of its original value).

4.3.3 Synergistic effects of combining QQ and QSI in inhibiting

quorum sensing

Figure 4.6A shows the simulation results of stationary AHL to 1(QQ) curves at
different QSI concentrations. When adding QSI alone, 15uM QSI is required to in-
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hibit QS (figure 4.5B). However, when 0.5uM QSI is added, the minimum 1 (QQ)
required to inhibit QS reduced from 2.7 x 10™*s~! to 0.8 x 10~%s~!. Thus, small
amount of QSI can significantly enhance the inhibiting effect of QQ. Similarly, sta-
tionary AHL to QSI curves at different n(QQ) values in figure 4.6B show that small
1 (QQ) value can significantly enhance the inhibiting effect of QSI.

In experiments, different concentrations of G1 are mixed with 32 and 16 ug/ml AiiA
and the time series GFP data is shown in figure 4.6C and 4.6D respectively. Compari-
son with adding G1 or AiiA alone indicated that combining these two substances can
result in much lower final GFP values and QS is inhibited more completely. Adding

AiiA greatly enhanced the inhibiting effect of G1.

Both simulations and experiments showed strong synergistic effects between QQ and
QSI in inhibiting QS. The synergy was quantitatively significant by examples: In
simulations, 0.5uM QSI and 11(QQ) = 1 x 10~*s~! could prevent QS from turning
on, but neither 1 uM QSI alone nor 11(QQ) =2 x 10~*s~! alone had this capacity.
In experiments, the final GFP value of the culture adding 16ug/ml AiiA and 12.5
UM G1 was twice lower than the final GFP adding 32ug/ml AiiA only and 3 times
lower than the final GFP adding 25uM G1 only.

The simulation results of stationary AHL to QQ and QSI is plotted in 3D shown in
figure 4.7A. A clear boundary of QS on and off states is observed which is shown
in figure 4.7B. This curve is U-shaped which means that QQ and QSI have syner-
gistic effect in inhibiting QS [187]. In this work 11(QQ) was assumed to be propor-
tional to QQ. When Michaelis—Menten equation is used to describe the enzymatic
dynamics[188] , stronger synergy between QQ and QSI is expected and the conclu-

sion of simulation will remain the same.
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Figure 4.6: QS dynamics when QQ and QSI are combined. (A): Simulation results of stationary AHL
concentration to 1 (QQ) under different QI concentrations. (B): Simulation results of stationary AHL
concentration to QSI concentration, with 1(QQ) assigned to different values. (C): Experimental
time series GFP with 32ug/ml AiiA and different concentrations of G1 added. (D): Experimental
time series GFP with 16ug/ml AiiA and different concentrations of G1 added. Cell volume fraction
p = 0.3 for both (A) and (B).
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Figure 4.7: Simulation QS states to QQ and QSI. (A): 3D stationary AHL concentration to 11(QQ)
and SQI. (B): 2D map of QS on and off states to n(QQ) and QSL
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4.3.4 G1 inhibits mutant with only rhl system more effectively

than mutant with only las system

To study the effect of G1 on mutants with only functioning las or rhls system, in the
simulation the inhibition effect on rhl system was changed by using different values
for krga, the binding rate between RhIR and G1, and then compare the inhibition
effect of G1 to rhl system in PAO1 and lasR mutant (A lasR). As it is assumed that
rhl system does not control las system, the inhibition effect of G1 to las is the same

in PAO1 and mutant containing only functional las system.

Firstly, the transcriptional rates of rhIR and rhll were assumed to be the same as the
transcriptional rates of lasR and lasl, that is 0 = r19, V2 = V;1,i20 = 110, Vi2 = Vi1-
Under this assumption, the binding rates of G1 to LasR and RhIR (kggy and kgg)
represent the inhibition effects of G1 to las and rhl systems, respectively. When
krc2 = krg1, the inhibition effect of G1 to las is equal to the inhibition effect of G1
to rhl in lasR mutant, as shown in figure 4.8 B. In this situation, G1 has slightly
higher inhibition effect on rhl system in lasR mutant than PAO1. When G1 inhibits
las system more effectively in mutants containing only one functional system, as
shown in figure 4.8 A with kg2 = 0.5krG1, G1 inhibits rhl system similarly in AlasR
and PAO1. When G1 inhibits rhl system more effectively in mutants, as shown in
figure 4.8C, G1 inhibits rhl system more effectively in AlasR than in PAO1, which

agrees with experimental results [1].

Secondly, it was shown that the rhl system is activated later than the las system [117].
It is assumed that the transcription rates of rhl system is half the transcription rates
of las sytem: ryg = 0.5r19, Vo = 0.5V,1,i20 = 0.5i19,V;» = 0.5V;;. Same results were
predicted by the model, that when G1 inhibits las system more effectively than rhl
system in respective mutants containing only one functional system, G1 will inhibit
rhl system similarly in PAO1 and AlasR (figure 4.9 A), and when G1 inhibits rhl
more effectively than las in respective mutants, G1 will inhibit rhl more effectively

in AlasR than in PAO1 (figure 4.9). Another conclusion from this simulation is that
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Figure 4.8: Concentrations of lasR and rhIR mRNA in PAO1 and AlasR mutant to G1. r| represents
lasR mRNA; r, represents thIR mRNA; kgg1 and ko represent the binding rates of G1 to LasR and
RhIR proteins, indicating the inhibition effects of G1 to the two systems, respectively. (A): When
Gl inhibits las system more effectively, G1 inhibits rhl system similarly in PAOI and AlasR . (B):
When Gl inhibits rhl system similarly as las system, G1 will inhibit rhl system a bit more effectively
in AlasR than in PAOIL. (C): When G1 inhibits rhl system more effectively, G1 will inhibit rhl more
effectively in AlasR than in PAOL.
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Figure 4.9: Concentration of lasR and rhIR mRNA in PAO1 and AlasR mutant to G1, when assuming

the transcription rates of thlR and rhll is half the rates of lasR and lasI, respectively.

the inhibition effect of G1 is not only related to its competitiveness against natu-
ral AHL/BHL for competitor (equation 4.14), but also the kinetic rates with in the

system like transcriptional rates.

The phenomenon in modelling results of figure 4.8 and 4.9 can be explained by a
simple logic OR gate model as shown in figure 4.10. The transcription of rhlR is
activated by both las and rhl system [116]. In lasR mutant, the minimum G1 requires
to inhibit rhl system is ¢, and in rhIR mutant, the minimum G1 requires to inhibit
las system is ¢,. If ¢; < ¢3, then, in PAO1 when the concentration of G1 is added to
¢, las system is still be active, which will activate rhlR, and thus rhl system will still

be active. The concentration of G1 should be increased to ¢, to inhibit rhl system.
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Inhibition of las —> LasR-Al

Inhibition of rhl —> RhIR-A2

PAO1

Figure 4.10: A simple logic OR gate model to describe the inhibition effects of G1 to las and rhl

systems.

In AlasR mutant, when adding G1 with concentration c, the rhl system is already
quenched. Thus G1 will inhibit rhl system more effectively in AlasR than in PAOI.
According to the results in experiments [1] , it is more likely that G1 inhibits rhl

system more effectively than las system in respective mutants.

The conclusion has been experimentally validated using AlasIArhll double mutants as
shown in figure 4.11. G1 can inhibit lasB-GFP only when added AHL concentration
was smaller than 2.5uM. When AHL exceeds this concentration, 50uM GI1 has
little effect in inhibiting las system. However, the inhibiting effect of S0uM G1 to
rhl system was still significant when the concentration of BHL is 10uM. Thus higher

inhibition effect of G1 to rhl system was obvious.

In order to estimate the competitiveness of G1 to AHL or BHL in binding respec-
tive receptor, the binding rates of natural AHL/BHL with the corresponding receptor
protein and the dissociation rates of the binding product need to be known (equation
4.13). According to references [128] and [127], ,% is at the scale of 100nM. Thus
from experimental data using multi-linear regression of equation 4.13, the competi-
tiveness of G1 to AHL in binding LasR is estimated to be 6,5 ~ 1073. The competi-
tiveness of G1 to BHL is estimated to be 6,;; ~ 10~2. G1 has higher competitiveness
to BHL and inhibits rhl system more effectively in mutants. However, G1 inhibit las
system more effectively in PAO1, due to the specific hierarchical structure of las and

rhl system.
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Figure 4.11: Experimental results showing that G1 has higher inhibition on system rhl than las in
mutants with only respective system. (A) lasB-GFP of AlasIArhll adding AHL. (B)lasB-GFP of
AlasIArhll adding AHL and G1. (C)rhlA-GFP of AlasIArhll adding BHL. (D) rhl1A-GFP of AlasIArhll
adding BHL and G1.

4.4 Discussions

Switching of QS circuit in the simulations was not observed in experiments. This is
due to simplifications of the model, which assumes every cell is homogeneous and
synchronized. However, bacterial cells are inherently heterogeneous [51], even when
two cells produced by separation of the same mother cell[189]. Certain amount of
QQ and QSI might be able to inhibit the QS of some cells but not others. Thus in
the experiments measuring population level GFP, switching behaviour was not ex-
pected even if it exists in individual cells. In the work of reference[22] studying
the heterogeneous response of Vibrio fischeri QS, switching behaviour was observed
while tracking single cells but the population level fluorescence was a graded re-
sponse. This is also the case in lactose utilization network in reference[170], where

switching of the network was observed only in single cell but not at population level.

3-0x0-C12-HSL was shown to be able to stabilize LasR [148], but competitive bind-
ing QSI is not showing to have this ability. Thus when LasR is bound to AHL form-

ing P, the LasR protein will not degrade and P can only be dissociated into LasR and
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AHL. When LasR is bound to QSI forming F, the LasR protein will still be subject
to degradation and thus not only F can dissociate into LasR and QSI but also F can
change into QSI when the bound LasR is degraded. The fact that QSI cannot stabi-
lize LasR is very important. Modelling results show that if QSI can stabilize LasR,
then QSI only serves as buffer and make QS slower to turn on and turn off but will

not affect the final stationary state.

4.5 Concluding remarks

Inhibiting QS is important to control water treatment processes like reducing mem-
brane biofouling. In this work, mathematical modelling showed that QQ and compet-
itive binding QSI have synergy in inhibiting QS. This conclusion has been validated
by experiments. Experiments and modelling agreed with each other very well. Ad-
ditionally, the results of both simulation and experimental showed that in mutants
containing either functional las or rhl system, G1 inhibits the mutant with rhl system
more effectively. However, in PAO1 containing both las and rhl system, G1 inhibits
las more effectively due to the hierarchical structure of las and rhl QS circuits. This
work has proposed a more effective way of inhibiting QS, and provided better under-

standing of QS network interaction with G1.

102



Chapter 5

Synergy of quorum quenching
enzyme and ajoene analogue in
inhibting P.aeruginosa quorum

sensing

5.1 Introduction

As described in chapter 4, Quorum Quenching Enzyme (QQ) AiiA and competitive
binding quorum sensing inhibitor (QSI) G1 have synergy in inhibiting P.aerugisnoa
quorum seensing (QS). However, the drawback is that G1 is not very efficient. Its
binding capability with receptor proteins is much lower than natural AHL/BHL. And
because of its competitive binding inhibiting mechanism, G1 will hardly inhibit QS
completely. A large concentration of G1 is needed in order to effectively inhibit QS

in Paeruginosa [1].

To overcome this disadvantage, some other QS inhibition substances with a different

and more effective mechanism might be considered in combination with QQ. Ajoene
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Table 5.1: Parameters in Chapter 5

Symbol  Definition

My Cellular component RsmA
Myz Cellular component RsmY and RsmZ
J Ajoene analogue

My Binding product of RsmYZ and Ajoene analogue

dyz Degradation rate of My
dy Degradation rate of J
dyy Dissociation rate of M,

Myzo Initial concentration of RsmYZ
Oyz Related to RsmYZ dynamics
My Maximum concentration of RsmA

ko Translation rate of mRNA without RsmA

k, Translation rate of mRNA with RsmA
by Parameter b of las system as in chapter 4
by Equivalent parameter b of rhl system

and its analogue can inhibit the translation of mRNAs in QS circuits [26]. Ajoene
is a kind of sulfur-containing compound that can reduce the key QS related viru-
lence factors [25]. One ajoene analogue replacing the allyl group with benzothiazole
derivative was found to be more effective than ajoene in inhibiting QS and reducing
virulence of Paeruginosa [26]. The mechanism of inhibition is that ajoene binds
with small RNAs rsmY and rsmZ and inhibits their activities [25]. Small RNAs
rsmY and rsmZ act in parallel and inhibit the regulator RsmA. RsmA inhibits the
translation of mRNAs in QS circuit [150, 151]. The net effect is that ajoene and its
analogue inhibit the translation of mRNAs in P.aeruginosa QS circuits. Thus ajoene

and its analogue are alternative candidates for G1 to inhibit QS in combination with

QQ.

In this chapter, the combined effect of QQ and ajoene analogue was studied using
mathematical modelling. The result was analysed and decide whether ajoene ana-

logue is a better choice for competitive binding QSI G1 to inhibit P.aeruginosa QS.
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Figure 5.1: las and rhl QS circuits of P.aeruginosa with QQ and Ajoene analogue.

5.2 Materials and Methods

The network of P.aeruginosa las and rhl system with QQ, ajoene analogue and the
substream network regulated by ajoene analogue is shown in figure 5.1. Ajeone
analogue (/) inhibits the small RNAs rsmY and rsmZ. As rsmY and rsmZ act in
parallel, they were treated as one component in this model and represented by My .
rsmYZ binds to the regulator RsmA (Mj4) and inhibits its activity. RsmA binds to
the mRNAs involved in QS and inhibits their translations. Thus the overall effect of
ajoene or its analogue is to inhibit the translation of lasR/I and rhIR/I mRNAs. The

other components and their symbols are the same as those in chapter 4.

The binding product of of J and My is represented by M;. The dynamics of M;
is shown in equation 5.1, where kj;; is the binding rate of Myz, J and dyy is the

degradation rate of Myz, d; is the degradation rate of J and djy; is the dissociation
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rate of Mj.

M
d_tJ = kyjMyzJ —dyzMj —d;My — dy My (5.1)

As the concentration of J is large, it is assumed to be constant. Thus the effective

concentration of My is described by equation 5.2.

1 1
Myz = Myzo 1 =Myzo——— (5.2)
I+ dyz+d1+dMJJ I+ ovz/

My 7 is the concentration of rsmYZ where no J is added. The inhibition of J to My,
can be described by one parameter oyz. For simplicity, the inhibition effect of rsmYZ
to RsmA is described by equation 5.3, where My is the maximum concentration of
RsmA. And the inhibition effect of RsmA to any mRNA r is described by equation
5.4. k,o is the translation rate of the mRNA without RsmA, and &, is the translation

rate with the inhibition of RsmA.

1
My =Myg———m—— 5.3
A Aol-l-GMAMyz (5.3)
1
ky = kyp———— 5.4
1T oM, (5.4)

The reactions of QS components are the same as those in chapter 4, except that the

translational rates are adapted by equation 5.4. The ordinary differential equations
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of all components are represented by equation 5.5-5.18.

dA, Varly
= dp1 Py — pkpa1R1A1 —dag1A1 — (1 — A 5.5

- pKA]+Il+P p1P1 — pkratR1AT —daiAL — (1 —p)m(QQ)AL  (5.5)
dR, 1
— =k — 4+ dp1Pi —kpa1R1A| —dp1R 5.6
I r1r11+GR1MA+ P1P1 — kra1R1A1 — dr1 Ry (5.6)
dri ro Va 7
2y = 4 5.7
iV, V,Knt+z, G-
dP
d_tl = kra1R1A| — dp\ Py + 2d71Zy — 2kp\ P} (5-8)
dzZ
d_tl = kp1PL —dz1Z, (5.9)
diy, 10 Va Zy -
— =248 = 4 5.10
dtV, Vi Kitz it 19
dl 1
ah _ Y g 5.11
7 llll‘I‘O'IIMA nh (5.11)
dA Vsl

2= p 22— duoAr + pdpaPs — phracRoAs — (1—p)1a(Q0)Ar  (5.12)
dt K+ D
dR> 1
T2 ot +dprP> — kraoRoAs — dioR 5.13
o 2r21+GR2MA+ P2 P> — kraoR2A> — droR> (5.13)
dry rno Vo Z1+2»
Ll L e N 5.14
ar v, TV, Katzitz, 7 19
dP
d_tz = kraaRoAs — dpyPs — 2kpa P2 +2d 727, (5.15)
dz
d_t2 = kpoP5 —dz2 2, (5.16)
dip 1o Vo 7 .
e A, e —d: 5.17
dt Vi, Vo Kp+2» 202 ( )
dl

2 —dph (5.18)

= ki ——
dt 202 14 0pMy

The copy number of one kind of SRNA in a bacterial cell was estimated to be 10000
[190]. In this model, the average cell volume of Paeruginosa is 1.37um?, and thus 1
copy per cell is approximately equivalent to 1 nM. The estimation of the maximum
concentration of SRNAs rsmYZ Myzo was estimated to be 10000nM. Similarly, reg-
ulator RsmA is a kind of protein and its concentration was estimated to be 2000nM
[191]. From experimental data in reference [26], Oyz Oypa, Or1, O11, Or2 and G2 used
values of 21.12, 0.011, 0.0069, 0.0069, 0.069 and 0.0051 nM‘lrespectively. Other
parameters were same as those in chapter 4. The final stationary concentrations of

AHL/BHL in the batch culture were used to identify the QS states.
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Figure 5.2: AHL concentration to 1;(QQ) or Ajoene analogue (J) alone.

5.3 Results and Discussions

5.3.1 Synergy of QQ and ajoene analogue in inhibiting las circuit

When adding QQ alone, switching results were produced (figure 5.2A), same as that
in chapter 4. 1 (QQ) represents the degradation rate of QQ to AHL. Ajoene analogue
alone can also inhibit quorum sensing (figure 5.2B) and it is comparatively more
effective than competitive QSI G1 shown in chapter 4. It is intuitively reasonable
because QSI binds with receptor proteins competitively with natural AHL, but the
AHL can still function. Ajoene and its analogue inhibits the translation of mRNAs

in QS system and thus inhibit QS more completely than competitive binding QSI.

When QQ and ajoene analogue J are combined, they strongly assist the inhibiting ef-
fect of each other. For example, 0.2uM J has little effect alone, however, when com-
bined with QQ, it can halve the minimum 1 (QQ) required to turn LasR/I circuit off,
as shown in figure 5.3A. Similarly, adding QQ and making 1;(QQ) 0.05 x 10~ 45!
has little effect alone, but when combined with J, the minimum J required to turn
QS off is reduced more than twice as shown in fgure 5.3B. 3D plots of AHL con-
centration to 11 (QQ) and J is plotted in figure 5.3C, a clear separation of on and off
states was observed. The 2D on and off state is shown in figure 5.3D. The boundary

between on and off states is "U"-shaped, similar to QQ and QSI, and thus QQ and J
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Figure 5.3: QS states of lasR/I circuit in P.aeruginosa to QQ and Ajoene analogue concentrations. (A)
AHL concentration to 1, (QQ) at different. (B) AHL concentration to J at different 17, (QQ) values.
(C) 3D plot of AHL concentration to 1;(QQ) and J. (D) 2D on and off states to 17;(QQ) and J.

also have synergy in inhibiting the las circuit of P.aeruginosa [187].

5.3.2 Synergy of QQ and ajoene analogue in inhibiting rhl circuit

Similar synergistic effect of QQ and Ajoene analogue in inhibiting rhl circuit has
been observed in simulation as shown in figure 5.4. Small amount of J which has
little effect on rhl system alone can greatly assist the inhibiting effect of QQ. And
small value of 1,(QQ) which is far from enough to turn rhl system off can signifi-
cantly reduce the amount of J required to turn rhl system off. A clear boundary was
also observed in the 3D plot of BHL concentration to 1,(QQ) and J. The boundary
was "U"-shaped as shown in figure 5.4D indicating that QQ and J have synergy in
turning QS off.

QQ AiiA target at quorum sensing signals and degrade AHL and BHL in P.aeruginosa
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Figure 5.4: QS states of rhIR/I circuit in P.aeruginosa to QQ and Ajoene analogue concentrations. (A)
BHL concentration to 1,(QQ) at different. (B) BHL concentration to J at different 1,(QQ) values.
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Figure 5.5: Inhibition effect of using QQ alone or ajoene analogues alone. (A): LasR-GFP to time at
different AiiA concentrations. (B) LasR-GFP to time at different ajoene analogue H9 concentrations.

(C): LasR-GFP to time at different ajoene analogue JUL1224 concentrations.

[192]. Ajoene and its analogues target the transcription process of lasR/I and rhIR/I
mRNAs [25]. They inhibit QS under different mechanisms and have strong synergy

when combined.

5.4 Experimental proof of synergy between AiiA and

ajoene analogues in inhibiting las circuit

Experiments were done using AiiA as QQ and two ajoene analogues H9 and JUL 1224
[26] ( All the experiments were done by Ms July Fong. They are briefly discussed
here of comparing purpose). As shown in chapter 4, AiiA only can inhibit las cir-
cuit at some level (figure 5.5 A). H9 and JUL1224 alone also have the capacity to
inhibit las circuit, as shown in figure 5.5 B and C. When QQ and ajoene analogues
are combined, much more complete inhibitions were shown. Figure 5.6 A shows the
LasR-GFP to time combining AiiA and H9. Adding 10 uM H9 and 32 ug/ml AiiA
almost completely inhibit GFP. Similarly, AiiA combined with JUL1224 can reduce
the LasR-GFP around 5 folds.

111



14000 | HM AiiA+H9 000 0y AViA +JUL1224

*10 *10
] m=s ]
12000 ias 2500 us
X 1.25 425
10000
a %0.625 20001 s
1 e03125 a
8000
g AiiA 32 ug/ml 500 | 0625
5 6000 buffer ] 0.3125
0
1000
4000 - XX**”X&
000 XK buffer only
X&XX © 582%8% xxxwmxxxxmx o RRRIRHIRRA A
2000 ﬁ? 500 | xgg ooy B e
| c;:f»wg-,,. {%c o %u&w**!‘x!!'
o PSS &.« : ‘ ‘ ¥ "Twuuﬁﬁg-
0 : : :
0 4 8 12 16 0 2 4 6 8 10 12 14 16
Time (hours) Time (hours)

Figure 5.6: Inhibition effect of using both QQ alone and ajoene analogues. (A): LasR-GFP to time
at different H9 concentrations with 32ug/ml AiiA. (B) LasR-GFP to time at different JUL1224 con-
centrations with 32 pg/ml AiiA .

5.5 Concluding remarks

Effective inhibition of bacteria quorum sensing is significant in controlling mem-
brane biofouling. In this chapter, two substances, QQ which degrades AHL/ BHL
and QSI ajoene analogue which inhibits the translation of QS mRNAs have been
studied. Their combined effect has been explored using cellular network models rep-
resented by ordinary differential equations. The results were acquired by stationary
state analysis. The results showed that QQ and ajoene analogue has strong synergy
in inhibiting both las and rhl circuits of P.aeruginosa. Ajoene analogue has stronger
inhibition effect than competitive binding QSI G1 alone or combined with QQ. The
result suggests a novel and more effective method of inhibiting bacteria QS which

has the potential to reduce membrane biofouling.
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Chapter 6

Population dynamics of small colony

variants in Pseudomonas aeruginosa

biofilms

6.1 Introduction

Bacterial cells can form colonies on biotic or abiotic surfaces, often including in
EPS they produced and form biofilms. In nature, most bacterial cells live in biofilm
state[41]. Cells in biofilms have slower growth rate but they are more resistant to
unfavourable conditions like antibiotics and starvation[42]. Biofilms and EPS cause

one of the serious problems in membrane technology, boifouling [16].

Three types of EPS were found in P.aeruginosa PAO1 biofilms, Alginate, Psl and
Pel[2]. Alginate rich in mannuronic and guluronic acid residues was shown not im-
portant for biofilm structure[67]. Psl contains plenty of galactose and mannose and
Pel mainly contains glucose [193]. Both Psl and Pel are important for biofilm for-
mation. P.aeruginosa mutants not producing Psl or Pel could still form biofilm, but

Psl and Pel double mutant could not form biofilm[2]. Psl was shown to be tightly
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Table 6.1: Parameters in Chapter 6

Symbol Definition
psl- Strains that do not produce psl
psl+ Strains that produce normal amount of psl
psl++ Strains that produce excessive amount of psl
pel- Strains that do not produce pel
pel+ Strains that produce normal amount of pel
pel++ Strains that produce excessive amount of pel
G Concentration of growth substrate (glucose)
Keg Concentration constant in growth dynamics
u Cell specific growth rate
Himax Cell maximum specific growth rate
Py Probability of shear detachment
K Shear detach coefficient
h Cell hight to the substratum
Pr Probability of erosion detachment
K., Erosion detachment coefficient
7 Number of neighbouring psl+ cells
Nyt Number of neighbouring psl++ cells
n Describes the effect of maximum Pel on erosion detachment
Pely o Maximum concentration of Pel
fe(ny,nyy) Describes the asdhesion between psl+ and psl++
Wmaxye Maximum specific growth rate of SCV
p Cell dry mass density
Raiv Cell division radius
H Diffusion layer length
D¢ Diffusion coefficient of glucose
Yo Biomass Yield of substrate
fe Parameter describes the flow rate
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bound with bacteria cells [194] and is cross linked in biofilm. Psl makes biofilm ma-
trix more elastic[32]. Pel is viscous, deformable, reduces effective cross-linking of
biofilm and tends to expand biofilm[32]. Pel also contributes to biofilm formation,
but without Psl the biofilm is more flat and cannot form macrocolonies at later stages
of biofilm development like PAO1 and mutant producing only Psl [2]. Psl is only
shareable among Psl producing cells but Pel is shareable among all cells. Mutant
only producing Psl form separate layer in biofilms with S. aureus but mutant pro-
ducing only Pel can mix with S. aureus very well [2]. Adhesin CdrA specific to Psl
might explain Psl is only shareable among Psl producing cells [195]. Psl appears
at early stages of biofilm and Pel appears at relatively later stages, which explains
why PAOI1 biofilms decrease in cross-linking and elasticity with enhanced biofilm

spreading when mature[2, 32].

Small colonies with autoaggregative properties were found in chronic cystic fibrosis
patients. These small colony variants (SCVs) are more resistant to antibiotics and
formed more stable biofilms[35]. Excessive production of Psl and Pel were found in
these variants [193]. Overproduction of Psl and Pel might meditate the population
dynamics of SCV and normal PAOI1 cells in biofilm.

Shear affects biofilm physiologies and population dynamics [196] and privious ex-
periments showed that large inflow rate will induce biofilm sloughing events. Exper-
iments showed that at small flow rate, biofilm sloughing event was not observed. But
when the flow rate is increased, biofilm sloughing events were obvious. The distinct
properties of Psl and Pel are expected to response to shear differently in biofilms.
The study in this chapter aim to incorporate Psl and Pel in biofilm individual based
model (IBM), reproduce experimental results in reference [2] and predict the physi-

ology and population dynamics of biofilms formed by SCV and PAO1 under shear.
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/

Figure 6.1: Psl and Pel in the model. Psl is tightly bound with cells and Pel is slowly diffusible. Psl+

represents strains that produce normal amount of psl, like psl+pel- and wt.

6.2 Methods

Biofilms are modelled using IBM similar with reference [33], with a few differences

indicated below.

Psl- represent cells that do not produce any Psl; Psl+ represents cells that produce
normal amount of Psl comparable with PAO1. Psl++ represents cells that produce
excessive amount of Psl. The nomination also applies to Pel-, Pel+ and Pel++. In
the model, Psl is thought to be tightly bound with individual cells, and not explicitly
modelled but reflected by smaller cell-cell distance and lower erosion detachment

rate of Psl+ and Psl++ cells. Pel is slowly diffusible as shown in figure 6.1.

Cells are treated as round disks in the 2D model. Cells have real radius R and effec-
tive radius. Cell-cell distance is reflected by effective radius: the minimum distance
between two cells is the sum of their effective radii. They ratio of a cell’s effective
radius and real radius is called expansion ratio. Expansion ratio is proposed to be an

linear function of local Pel for Psl-, Psl+ and Psl++ cells, as shown in figure 6.2.

Tessier kinetics (equation 6.1) is used to describe the growth of cells because Tessier
kinetics best fits the experimental data of P.aeruginosa [197]. G represents the con-
centration of growth substrate and K is a concentration constant. The maximum

specific growth rates of Pel-Psl-, Pel-Psl+, Pel+Psl- and PAO1 are the same [2] but
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Figure 6.2: Expansion ratio of Psl-, Psl+ and Psl++ cells.

of Pel-Psl++, Pel++Psl++ and Pel++Psl- are smaller than that of PAO1 [35]. Nutri-
ent gradient is ignored in this model, as the biofilm heights in experiments were only

around 50um [2] and flow can enhance the transportation inside biofilm.

1= tnax(1 — e~ 9/K0) (6.1)

Cells in biofilms are subjected two kinds of detachments, shear detachment and ero-
sion detachment. When flow rate is large, shear detachment is dominant and erosion
detachment can be ignored. When flow rate is small, only erosion detachment ex-
ists. In shear detachment, cells experience higher shear at taller part of biofilms. The
structure of a biofilm is often broken and cells are sloughed as aggregates. Thus not
only cells at the surface but also cells in the internal part of biofilms can be shear de-
tached. The shear detachment rate of a cell is proportional to the square of its height

[196]. The probability of a cell is shear detached in time At is shown in equation 6.2.
Ps = Ksl’lel‘ (6.2)

Where Ps is the probability that certain cell is shear detached, Ky is the shear detach

coefficient and 4 is the height of this cell to the substratum.
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Erosion detachment describes the process where cells at the biofilm surface are de-
tached individually. Both local Pel and neighbouring Psl+ and Psl++ cells can reduce
the probability that a cell is erosion detached [2, 196]. The probability that a cell is
erosion detached within At is adapted from reference [196] and shown in equation
6.3.

Pel
Pel

Pg = Ker(1 = fe(ny,nyy) =1 )At (6.3)

Where n is the number of neighbouring Psl+ cells and n  is the number of neigh-
bouring Psl++ cells. K, is the erosion detachment coefficient and 7 < 1 which
means that even with maximum local Pel, cells can still be detached. Pel represents
the local concentration of Pel and Pel,,,, represents the maximum concentration of
Pel. Two cells are neighbours if and only if their distance is smaller or equal than a
fixed constant R,. f.(ny,n;) represents the adhesion between cells and is shown
in equation 6.4. Substratum provides the same adhesion capability as Psl+ cells, and
the overlap area of a cell’s neighbouring area with the substratum is converted to n.
while calculating f, (n.4,74+ ). Npmay represents the maximum number of neighbour-

ing cells within radius R,,.

(
0 for Psl-
— (n +n )(nbmax ) ) n
Je(ny,nyy) BT + ) =) for Psl+ (6.4)
(Mpmax—2)(np+nyy)—2n4) PR
\ Ppmax(Momax—1) (s +ns ) (Mpmar—1) for Psl++

The adaptation of equations 6.3 and 6.4 is based on the considerations that Pel is
sharable among all P.aeruginosa mutants and can provide some level of adhesion
to cells; Psl is only sharable among Psl producing mutants (Psl+ and Psl++) and
neighbouring Psl++ provides stronger adhesion than Psl+ [2, 32]. From equation
6.3, Pr < 0 is equivalent to Pg = 0, meaning that the particular cell will not detach

due to erosion.

The detachment rates should also be dependent on the geometry of the experimen-

tal setup and flow rate. The exact relationship of detachment rates and flow rate is
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Table 6.2: Parameters used in the model

Symbol Description Value Reference

Wmax Maximum specific cell growth rate 0.29h~1 [197]

Hmaxse, Maximum specific growth rate of SCV 0.9 Wnax [35]

P Cell biomass dry density 0.3g/cm® [198]

Ryiv Cell division radius 2um [199]

H Diftusion layer length 20um [82]

Dy Diffusion coefficient of Pel 6um? /h [200]

D¢ Diffusion coefficient of glucose 2.4 x 10um? /h [201]

Ke Parameter in Tessier Kinetics 0.027mg/ cm? [197]

Yo Biomass yield of substrate 0.628 [202]

Pel,y, maximum concentration of Pel 0.5g/ cm? comparable with biomass density
n Constant in erosion detach submodel, explained in text 0.9 assumed

K. Base erosion detach coefficient 0.05h! within range in ref [196]

Ko Base shear detach coefficient 0.005h~! within range in ref [196]
Kpsi—o Base shear detach coefficient of Psl- Ky assumed

Kipsi+o Base shear detach coefficient of Psl+ 0.5Ko assumed

Kspsiv+o | Base shear detach coefficient of Psl++ 0.5K,o or 0.25Ky assumed

fe Flow coefficient explained in text 0.1-3.5 controlled in simulation experiment

unknown, but it is expected that higher flow leads to higher shear and erosion de-

tachment rates. When flow rate is small, only erosion detachment exist, but when

increasing the flow rate, sloughing event will occur. To simplify the problem in the

model, base shear and erosion detachment coefficients are set for each mutants, and

a parameter called flow coefficient f, is applied. The shear or erosion detachment

coefficient of any one mutant is its base coefficient multiplied by f.. The parame-

ters used in this model are listed in table 6.2. The outputs of the models are biofilm

morphologies, mutants distribution inside biofilms and population percentages of

mutants included in the simulations.
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6.3 Results

6.3.1 Substrate gradients in biofilm

Substrates that are produced or consumed by bacteria cells in biofilms will have
gradients inside biofilm [28]. When this gradient can be ignored in modelling and
when it should be considered? This question can be answered by modeling one-
dimensional biofilm. Figure 6.3 shows a homogeneous biofilm with thickness zg.
The maximum specific growth rate of the biomass is UW,,,,; density of the biofilm is
p; half saturation constant of this substrate is K,supposing that there is only one rate-
limiting substrate; substrate concentration at the bulk is c;; and the diffusion layer

length is H. The growth rate of biofilm at any point is shown is equation 6.5.

c

g(z) = Umas (6.5)

The substrate concentration ¢(z) is determined by equation 6.6.

e _ e puc
dt 072 Y K+c

(6.6)

Because the diffusion-reaction rate is much faster than the cell growth rate, the
biomass distribution can be treated as constant at the time scale of substrate dif-
fusion. Then the substrate will reach pseudo-steady state very soon. The steady-state
substrate concentration profile is determined by equation 6.7.

d%c P MmaxC

=L 7
022 YDK+c ©7

We define a rule that if the growth rate at the top of biofilm is more than twice
than the growth rate at the bottom (g(0) > 2g(zo)), the the substrate gradient must be

considered. Two conditions are considered separately: ¢y < K and c¢g ~ K or ¢g > K.
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Figure 6.3: Biofilm with thickness zp, density p and maximum specific growth rate (,,,,. The system
is 1D and separated into 3 layers: biofilm layer, diffusion layer and bulk layer. There is only one rate-
limiting substrate and the concentration at z = 0 is ¢¢ (biofilm interface). The substrate concentration

at the bulk is cj,.

l.co <K

When ¢y < K, equation 6.7 becomes equation 6.8.

0°c  Plmaxc /
— =——-,(c(0) = =0 6.8
"2 = YDE ,(¢(0) = co,¢'(z0) = 0) (6.8)
The solution of equation 6.8 is
c=—0 et 6.9)
l+e 7 1+e
with llz = Bfmer Under this condition g(0) > 2g(z9) <> zo > 1.3171. That means, if

20 > Zuimir» €Xpressed in equation 6.10 substrate gradient must be considered.

DYK

Zimir = 1.317 (6.10)

p .u“Wl(lX

2.co~Korcy>K

When co ~ K or ¢y > K, we deduce the relationship of zg and ¢ if substrate gradient

does not need to be considered. If g(0) < 2g(zp), the inequation 6.11 will be valid.

Kco

> —— 6.11
CZO_QK—l—C() ( )
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Because ¢, < ¢ for 0 < z < 70, the inequation 6.12 will be valid.
PC_ P € P
072 YDK+c YDK+a

KC(]
2K+-co*

(6.12)

where, for convenience purpose, let a =

4DY (K+cp)?
P tmax (2K+co)

equation 6.13, the substrate gradient must be considered.

4DY (K +cp)?
zl,-m,-t:\/ (K + o) (6.13)

Thus, from inequation 6.12 and

c(0) = ¢o,c'(z0) =0, 70 < . That means, if zo > zjini, expressed in

P tmax (2K +co)

DYK
P tmax’

a little larger than equation 6.10. For rough approximation, equation 6.13 is enough

For low substrate concentration ¢y < K, equation 6.13 gets the results z;;,,,;; =2

for all values of cg.

For this experimental setup, the value of Z;;,;, is around 50 um.

Calculate from bulk concentration ¢, and diffusion layer length H

According to equation 6.7, the derivative of substrate concentration in biofilm can be

expressed by equation 6.14 [203].

de, [ 2lmaxp _ K+c
(d_z)f_\/ D,y (c—Kln X ) (6.14)

Because of the continuous substrate flux at the biofilm interface, we have equation

6.15.

d d
Df(d—Z)f :Dw(d—g)w (6.15)

where the subscript f means inside the biofilm and w means in the diffusion layer.

When substrate concentration reaches a pseudo-steady profile, (Z—g) is constant.

Thus (Z—;)W = Cb;lco, where ¢, is the bulk substrate concentration. So c¢p can be

calculated from equation 6.16 numerically.

2D, K+c Ccp—C
\/meaxp(co—Kln < O)ZDW% (6.16)
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Figure 6.4: Morphologies of biofilm composed of Psl+Pel- (Blue) and Psl-Pel+(Yellow) mu-
tants.  (A) Experiments by Yang et al[2]. (B-G) Simulation morphologies with K, =
0.03,0.06,0.09,0.12,0.15,0.18h~!, respectively.

6.3.2 Experimental morphology of Psl+Pel- and Psl-Pel+ repro-
duced by model

Figure 6.4 (B-G) show the morphologies of simulation results where Psl+Pel-(blue)
and Psl-Pel+(yellow) mutants are mixed. In this simulation, only surface shear de-
tachment is considered indicating no sloughing event because in the corresponding
experiment of reference[2], the flow rate was small. At very low K., (0.03n7 1),
plenty Psl-Pel+ cells exist and they will enclose Psl+Pel-. When K., increases, the
number of Psl-Pel+ cells becomes less and they are gradually enclosed by Psl+Pel-.
When K, = 0.18h~! (figure 6.4 G), the morphology reproduces the experimental
results by Yang et al [2] (figure 6.4 A).

The ratio of Psl-Pel+ in mixed biofilm composed of Psl-Pel+ and Psl+Pel- decreases
with K,,, comparing at the same time (figure 6.5 A) or at the same total population
(figure 6.5 B). The tendency of higher K, decreasing Psl-Pel+ population ratio is
clearly shown in figure 6.5 C (at time = 28h). Their relationship can be roughly
described by linear relation and the linear regression line represented by the solid

line in figure 6.5 C has negative slope.
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Figure 6.5: Population ratio of Psl-Pel+ in mixed biofilm composed of Psl-Pel+ and Psl+Pel-. (A) Psl-
Pel+ population ratio to time at different K, values. (B) Psl-Pel+ population ratio to total population at
different K, values. (C) Psl-Pel+ population ratio to K, at 28h. The solid line is the linear regression

of these points.

6.3.3 Psl++ mutant tends to aggregate when mixed with PAO1

When the flow rate in simulation is increased, shear detachment is included in the
model. In biofilms formed by Psl++Pel++ and PAOI, initially, equal number of
Psl++Pel++ and PAOI1 cells are placed randomly at the substratum. Young biofilms
are formed by small separated colonies, indicated by figure 6.6 A. Gradually, colonies
formed by Psl++Pel++ start to merge. Four colony merging behaviours of Psl++Pel++

are pointed out by arrows of four different colors in figure 6.6.

The tendency of Psl++Pel++ colonies to merge still preserves when its shear detach-
ment coefficient K,z 10 is changed from 0.5K;o to 0.25K (table 6.2), or when
Psl++Pel++ is replaced by Psl++Pel- (scenario very similar to that indicated by fig-

ure 6.6 and not shown).

6.3.4 Percentage of Psl++ first increases and then decreases when

mixed with PAO1

When one Psl++ mutant is mixed with PAO1, modelling results show that the per-

centage of Psl++ will first increase and then decrease overtime, as shown in figure
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¥ 42h

Figure 6.6: Biofilm formed by Psl++Pel++ (red) and PAO1 (green) at different times. Arrows of the

same color indicate the merge of Psl++Pel++ colonies. In this simulation, K440 = 0.5Kj.

6.7. Although randomly some curves deviate from this pattern, it holds good aver-
agely for most f. values. Figure 6.7 A represents biofilm composed by Psl++Pel++
and PAO1 with K s 10 = 0.5K;0; figure 6.7 B represents biofilm of the same com-
position but with K,y 1o = 0.25Kj9; figure 6.7 C and D represent biofilms com-
posed by Psl++Pel- and PAO1 with K, o = 0.5Ks0 and K54 10 = 0.25Kj0, re-
spectively. The phenomenon that the percentage of Psl++ population first increases
and then decreases holds good for all the four conditions, which means that this phe-
nomenon is independent of whether Kz ¢ 1s equal to or smaller than Ko and

whether Psl++ mutant produces Pel.

In biofilm composed by Psl++Pel++ (SCV) and PAO1 with K, o = 0.5Kjo, total
population becomes pseudo-stationary after around 25h of growth (figure 6.8 C).
However, the percentage of Psl++Pel++ continues to increase until 40-50h and then

starts to decrease (figure 6.7 A).
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Figure 6.7: Percentage of Psl++ to time in biofilm composed of Psl++ and PAO1 (A): Biofilm com-

posed of Psl++Pel++ and PAO1 with K, 1o = 0.5K0. (B): Biofilm composed of Psl++Pel++ and

PAO1 with K;pg4 10 = 0.25K0. (C): Biofilm composed of Psl++Pel- and PAO1 with K0 =
0.5K;0. (D): Biofilm composed of Psl++Pel- and PAO1 with K51 10 = 0.25K0.

PAO1

Total Population

time(n)

Figure 6.8: Population to time of biofilm composed by Psl++Pel++ and PAOI. In this simulation,

Kipsi++0 = 0.5K0. (A): Population of PAO1. (B): Population of Psl++Pel++. (C): Total population.
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Figure 6.9: Population to time of biofilm composed of Psl-Pel++ and PAO1. (A): Population of PAO1.
(B): Population of Psl-Pel++. (C): Total Population.

6.3.5 PAO1 out-competes Psl-Pel++

When Psl-Pel++ mutant is mixed with PAO1 with equal initial cell numbers, both
strains started to grow in the initial period as shown in 6.9 A and B . After a short
period, 5-20 hours in simulated environment depending on the flow rate, the popula-
tion of Psl-Pel++ begins to decrease and finally disappear. PAO1 will finally exclude

Psl-Pel++ and dominate the population.

As shown in figure 6.10, at the initial stage (time = 9h) of mixed biofilm composed
by PAOI1 and psl-pel++, psl-pel++ tends to occupy the top of biofilm. As the biofilm
grows taller (time = 16h), the part biofilm occupied by psl-pel++ tends to be ex-
panded and sparse, while the part occupied by PAO1 tends to be compressed and
dense. At 22h, biofilm grows taller and most of the psl-pel++ cells are detached.
Biofilm growth and detachment nearly reaches equilibrium at this stage. At the final
equilibrium stage, psl-pel++ cells are gradually detached from the biofilm and all

remaining cells are PAOI1 cells (time = 54h).
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Figure 6.10: Morphologies of psl-pel++ and PAO1 (psl+pel+) mixed biofilm at different time of

simulation.

6.4 Discussions

6.4.1 Incorporation of Psl and Pel in ABM biofilm model

According to experimental studies in references [2, 32], Psl is tightly bound with bac-
teria cells and provides crosslinking inside biofilm but Pel is deformable. Artificial
particles of 0.5-1 um can move inside biofilm containing only Pel EPS. It is assumed
that cells inside Pel can also move. Psl tends to bind cells and shrink biofilm. Pel
tends to expand biofilm. The maximum specific growth rates of Psl or Pel deletion
mutants are the same as PAO1 but the growth rates of SCV (Psl++Pel++) is smaller
[35]. Plenty of Psl appears at very early stage of biofilm. Psl is only shareable among
Psl producing cells, but Pel is shareable among all P.aeruginosa mutants. In the ABM
model of this study, Psl is bound with bacteria cells and moves with bacteria cells.
Pel is slowly diffusible. Sufficient Psl is produced when cell is produced by division,
and Pel is continuously produced. Psl decreases the expansion ratio of cells and thus
decreases cell-cell distance. Pel increases cell cell distance by increasing expansion
ratio. Crosslinking of Psl is modelled by smaller shear detachment coefficient of Psl

producing cells and neighbouring Psl producing cells bind each other to prevent from
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erosion detachment.

6.4.2 Surface roughness produced by model are strongly depen-

dent on shoving algorithm

The shoving algorithm which reduces cell overlapping caused by cell growth and di-
vision is similar with that in references [34, 33], where overlapping cells are moved
in opposite direction to reduce overlap. In this model, two algorithms are considered.
The first algorithm is that, when two cells overlap, the distances they are shoved is
anti-proportional to their mass, regardless of the direction of the movement. The sec-
ond algorithm thinks that when two cells overlap, the shoving in horizontal direction
is the same with the first algorithm, but in the vertical direction, upper cells moves
up more than lower cells moves down. The first algorithm was used by references
[34, 33], but the second algorithm is also reasonable, because when biofilm grows,
top cells are easier to be pushed up than bottom cells to be pushed down. The results
in this study are produced by mixing these two algorithms. However, separately,
these two algorithms produce strikingly different surface shapes of biofilms. Thus

surface roughness produced by model does not represent the real biofilm.

6.4.3 Shear and erosion detachments contribute differentially to

biofilm morphology and percentage of Psl++ mutant

Shear detachment was shown to produce flat biofilms and erosion detachment was
shown to produce towering like structures [196]. This phenomenon is reproduced
by this work. Only shear or only erosion detachment is implemented separated in
biofilm composed of Psl++Pel- and PAO1 to study how these two detachment mech-
anisms contribute to biofilm morphology and Psl++ percentage. When ignoring ero-
sion detachment and only shear detachment is considered, the biofilms produced

are flat, similar to that in figure 6.6. When only erosion detachment is considered,
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Figure 6.11: Percentage of Psl++Pel- when mixed with PAO1 when only shear detachment (A) or

only erosion detachment (B) is implemented.

biofilms produced have rough surface, as shown in figure 6.12. The phenomenon
that percentage of Psl++ first increases and then decreases is produced by only im-
plementing shear detachment mechanism (figure 6.11A). When only erosion detach-
ment is considered, shear obviously favours Psl++, as shown in figure 6.11B. At
small f. values, PAO1 dominates the population and at large f., Psl++ dominates
the population. It is also observed in figure 6.12A and 6.12B. Tendency of Psl++
colonies to merge is also observed when implementing shear detachment only. But
the time in simulations implementing erosion only was not large enough to observe
whether Psl++ colonies tend to merge. Shear detachment and erosion detachment
contribute differentially to biofilm morphology and percentage of Psl++. The sward-
like shape in the Psl++ percentage curves at the initial stage is due to modelling
artefact: initially equal number of cells with very small variation in size is located at
the bottom of the substratum, but Psl++ grows slower and the first division time of
Psl++ cells is a bit longer than PAO1 cells, thus producing this shape at first division.

It can be safely ignored.

P.aeruginosa SCVs were shown to be autoaggregative[204, 205]. This autoaggrega-
tive property was explained by excessive production of Psl and Pel[79, 206]. In this

study, the autoaggregative property of Psl++ is observed in the models. Excessive
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Figure 6.12: Morphologies of biofilm when only erosion detachment is implemented. (A): f, = 3.5.
(B): f =1

Psl tend to bind Psl++ cells tightly together. The PAOI cells between two nearby
Psl++ colonies are easily detached, and when the colonies grow larger then tend to
merge, even when initial Psl++ and PAO1 cells are randomly located. The result is
consistent with experimental observations that SCV form small colonies instead of

being well mixed with wild type cells[79].

Psl++ cells are more stable in biofilms than PAO1 cells. However, this work pre-
dicts that the percentage of Psl++ cells will finally decrease with time and Psl++ will
not dominate the population, as it grows slower than PAO1 cells. This is in agree-
ment with experiments that SCV cells occupy only a small portion of population in

P.aeruginosas biofilms [35].

6.5 Concluding remarks

This study uses the results and hypothesis of Psl and Pel properties from references|2,
32] to build an ABM of P.aeruginosa biofilm. The model successfully reproduced the
experimental morphologies of Psl+Pel- and Psl-Pel+ mixed biofilm in reference[2].
This study also predicts the autoaggregative properties of SCV cells and that although
SCV is more stable in biofilm than wild type cells, SCV cannot dominate the popula-
tion. The predictions agrees with existing observations and can be further validated

with experiments using continuous culture.
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Chapter 7

Conclusion and future works

7.1 Concluding remarks

This thesis uses mathematical modelling to study QS, biofilm population dynamics
and how EPS affect biofilm physiologies, which are important factors in membrane

biofouling process.

Parameters of V.fischeri QS are fitted according to experimental data of various types
using the least deviation score method which incorporates different data types and
can be used to fit more accurate parameters when increasing experiment data has
been accumulated. Different response curve topologies were found in reasonable
parameter space. It demonstrates that the QS network response behaviour depends
not only on network structure, but also parameter values and interaction strength. It

also demonstrates that network properties can be regulated by changing parameters.

Noise caused by parameter heterogeneity is analysed and compared with network
intrinsic noise. Combined with experimental data from literature, this analysis shows
that both types of noise exist in QS network and their relative quantities are reversed

between QS on and off states. A more clear picture of QS network noise is provided.
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Table 7.1: Parameters in Chapter 7

Symbol  Definition

7 Location of i’ cell
¥(¢;)  Velocity of i"" cell
Dy Noise Density

Gi(r)  Gaussian random noise with zero mean
o Angle of vector 7;;

e Describes the interaction between particles
Zn Location of n* dipole

U Speed of a dipole

oy Orientation of dipole n
u Translation coefficient
(0] Fluid velocity represented by a complex number

QQ and competitive binding QSI combined show strong synergistic effect in inhibit-
ing Paeruginosa QS. This conclusion has been proved by mathematical models and
experiments on AiiA as QQ and G1 as competitive binding QSI. Additionally, ajoene
and its analogues, another kind of QSI inhibiting QS by interrupting translation of
mRNAs, also show synergy with QQ and have stronger inhibition effect than com-
petitive binding QSI like G1. Thus a more effective and cheaper way to inhibit QS

and regulate biofouling has been proposed.

The study of population dynamics of SCV in P.aeruginosa biofilms is a specific
example of how EPS regulate population dynamics and biofilm morphology. The
results show that EPS produced by cells greatly affect biofilm morphologies and

population dynamics in biofilms.

This thesis has provided deeper understandings QS network and dynamics of biofilm
and EPS, which are closely related with biofouling, and proposed a more efficient

and effective way of inhibiting QS. These studies contribute to regulating biofouling.
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Figure 7.1: Collective motion of Serratia marcescens. (A): Velocity field of bacteria. green,
<20um/s; pink, 20-40 um/s; red, >40um/s. (B): Average speed to bacteria to bacteria surface

coverage p. Image is from reference[3].

7.2 Recommendation for future work

The work in chapters 3, 4 and 5 studying bacterial QS structure and QS inhibition
mainly focus on planktonic culture. Chapter 6 studies the population dynamics of
P.aeruginosa SCV in biofilms. Planktonic and biofilm states are two ubiquitous liv-
ing states for bacteria cells[207]. However, there exists transitional state between
these two extreme states[208, 209, 3]. Many interesting questions can be asked about

this transitional state. One of them is recommended here for future work.

Reference [3] observed the collective motion of a monolayer culture drop of spher-
ical bacteria Serratia marcescens and found that the average speed of bacteria cells
increases with cell surface coverage p when p is small (<0.67). After that, average
speed will sharply decrease with cell density. The question is whether this increase
in average velocity at small p is caused by increase of bacteria propagation power or
by interaction of bacteria cells. Here it is proposed that interaction of bacteria cells
leads to the increase of average velocity. Mathematical models and experiments are
recommended to test this hypothesis. Validations of this hypothesis and methods of

mathematical models are shown below.
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Figure 7.2: (A): Schematic drawing to show that nearby aligned bacteria cells swim faster than iso-
lated cells. (B):Steric interaction of two M.xanthus cells leads to velocity alignment. figure B is from

reference [4].

It was observed that nearby aligned Bacillus subtilis cells swim faster than isolated
or mis-aligned cells[210]. This reference shows that the speed of cells in collective
motion can reach 100um/s but the speed of isolated cells is only 1-10um/s when

Bacillus subtilis cell density is 10°/cm?

. The schematic drawing is shown in fig-
ure 7.2A. Experiments also show that the flagella of two nearby parallel cells are
synchronized or anti-syncrhonized through hydrodynamic interaction[211]. Forces
between two bacterial cells that don’t touch each other were directly measured. The
forces are mainly repulsive but the mechanisms are unknown. This force only affects
nearby cells and is different from quorum sensing phenomenon[212]. From these

results, it is probable that hydrodynamic interaction leads to increased velocity of

aligned cells.

Many experiments show that in bacteria collective motion a cluster or group of
nearby cells present very similar motion. cell velocities and alignments have cor-
relations [3, 4, 213, 214]. This is in agreement with previous description that in cell

collective motion, velocity is aligned and thus the average speed is increased.

Steric and hydrodynamic interactions were shown to lead to directional and veloc-
ity alignment. The simplest interaction is steric interaction, similar to collision, that
cells will repulse each other when too close. Reference [4] shows that steric inter-
action M. xanthus cells can lead to velocity alignment (figure 7.2B). Hydrodynamic

interactions can also lead to velocity alignment. Reference [213] proposed a model
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with a set of equations for cell cell interaction through hydrodynamics which agrees
with the experimental observation of vertex arrays. Hydrodynamic interactions of
dipoles in confined space were analytically and numerically studied [215, 216, 217].
In reference [217], a dipole is comprised of a head and a tail connected by a rod of
invariant length. Analysis shows that when the tail of the dipole is larger than the
head, pursuit mode (one dipole follows another) is stable and when the head is larger
than the tail, synchronization mode (dipoles swim in parallel) is stable. For most
bacterial cells with only one flagellum, or with multiple flagella but pointing to the
same direction while swimming, they resembles hydrodynamic dipoles with head
larger than tail and thus velocity alignment is the stable mode with hydrodynamic

interaction.

From the above analysis, the picture of the hypothesis is quite clear here: cell cell
interactions like steric and hydrodynamic interactions can lead to cell alignment.
When cells are aligned, hydrodynamic interactions lead to increased average swim-
ming speed. However, further models are needed to validate this hypothesis. Here 3

methods of cell cell hydrodynamic interactions are provided.

The first method is proposed by reference [213], as shown by equations 7.1-7.4.

7 = () (7.1)
N

¢ =Y Ty(Fij, 0i,0;) + /2Dy (1) (7.2)
J#i

Ty (Fji, ¢, ;) = u(rji) sin(@; — @) — ksin( o — ¢;)O(&, — 1) (7.3)

‘,L_‘_(l — (r'i/ga)z) for0<r; < éa
iy =4 : (74
—p S for £y < 1 < 1

7; is the location of i cell; ¥(¢;) is the velocity. Dy is the noise density; §;(¢) is
Gaussian random noise with zero mean. @;; is the angle of vector 7;;. u+ describes
the interaction between particles. The model in this reference reproduced directional
alignment observed in bacteria collective motion[218, 219]. This method can be

used to modelling how hydrodynamic and steric interactions lead to cell directional
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alignment. But as it assumes cell speed is constant, adjustments are needed to model

how cell alignments can lead to increased swimming speed.

The second method is proposed by reference [217], as shown in equations 7.5. In
this work, bacteria cell is represented by a hydrodynamic dipole with head and tail

connected with a rod with invariable length.

)

Za=Ue " 4+ 1@ (z,)
0y = Re[vi 42ie%% + v, @ie'®] (7.5)
io;

~ . ]
| @) =Ljn O,y

2 is the location of n'" dipole, represented by a complex number; U is the speed
of a dipole; o, is orientation of n’* dipole; u is the translation coefficient; @ is the
fluid velocity represented by a complex number; v; = %, Vo = (W —Ww)/1;
subscript 4 means head and ¢ means tail; A; and A, are parameters that enforce the
distance between head and tail of the dipole is constant /. Reference [217] used this
model and concluded that for swimmers like bacteria with larger head and smaller
tail, alignment is the stable mode of hydrodynamic interactions, thus proving that
hydrodynamic interaction leads to cell cell alignment. Similar with method 1, this

model assumes constant swimming speed of the dipole, which should be adjusted to

address how alignment increases average speed.

The third one is adapted from Kirkwood hydrodynamic interaction approximation.
Kirkwood approximation of hydrodynamic interaction between nodes in polymer
chain was used to calculate the diffusion coefficient of polymers[220]. V; is the fluid
velocity at the location of i chain node if node i doesn’t exist and i; is its velocity.

The force node i exerts on the fluid F; is expressed in equation 7.6.
i=—C(Vi— i) (7.6)

If a force F is exerted on fluid at location 0, the perturbation of fluid velocity V at lo-

cation 7 is calculated by Oseen tensor v/ (7) = T (7)-F with T (7) = (1/8zmnor) [<7> +
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(77/r?)] [221].
V(7) = (1/87nor)[F +7(F-F)/r?] (1.7)

where r = |F| and 1y is the viscosity coefficient of the fluid. Supposing the back-
ground velocity of the fluid is Vy(7) and the velocity of every node i; is known, V;

can be expressed as

o e g
Vi=v )+ ) T ijF; (7.8)
J#
R S o . . . .
T ;j= T (¥;—7;). Combing equation 7.6 and equation 7.8, we can get equation .
— N N N H —
Fi=—=C(o(F) —ii) —C Y T ijF; (7.9)
J#i

If there are n nodes, there will be n equations and » unknown F; in equation 7.9.
Thus the hydrodynamic interactions between these nodes represented by n Fjs can be
numerically solved. Bacteria cells are active swimming agents. The force exerted on
fluid by bacterial cell i contains two parts, the force of hydrodynamic interaction Fi;
and the active propagation force B (equation 7.10).
Fi=Fi+ b (7.10)
Equation 7.8 still holds and equation 7.9 is updated to equation
Fi= _C(VO(E)_ﬁi)_Cz?ij(ﬁlj"i_ﬁﬂ) (7.11)
J#i
In a model where bacteria propagation force —F>;, location 7; and velocity i; of every
bacteria cell is known, the hydrodynamic interaction Fi;s can be solved numerically
from equation 7.11. This method can be used to study whether velocity alignment

leads to increased swimming speed.

This recommendation of future work has proposed a hypothesis with clear picture
that in bacteria collective motion, steric and hydrodynamic interactions lead to bacte-
ria velocity alignment and hydrodynamic interaction in turn increases the swimming
speed of bacteria cells in alignment, thus explaining the experimental phenomenon in
reference[3]. This hypothesis has strong literature support. 3 methods are proposed

to model cell interactions to validate this hypothesis.
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