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Abstract. Pseudomonas aeruginosa is an opportunistic bacterium that
exploits quorum sensing communication to synchronise individuals in a
colony and this leads to an increase in the effectiveness of its virulence.
In this paper we derived a mechanistic P systems model to describe
the behaviour of a single bacterium and we discuss a possible approach,
based on an evolutionary algorithm, to tune its parameters that will
allow quantitative simulations of the system.

1 Introduction

Quorum sensing is a particular form of cell-to-cell communication in bacteria
which exploits the concentration of a particular molecule, called signal, to “sense”
the population density of the colony. The quorum sensing regulatory network is
used by the individuals of the colony for collective synchronisation and therefore
for a coherent control over the gene expression. In Pseudomonas aeruginosa this
mechanism is responsible for the effectiveness of the virulence of this bacterium
[14,23,10,9]. In fact, a single bacterium starts to express its virulence factors
only when it senses that the bacteria population has reached a certain threshold
level such that the host response will be inadequate.
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The activation of a complex cellular response is what distinguishes the quo-
rum sensing as a communication regulatory circuit from other density dependent
responses such as the metabolisation or detoxification of small molecules.

The simplest quorum sensing network known in Gram-Negative bacteria is
also the first one ever discovered [25,17]. It has been found in the Vibrio fischeri
bacterium, also known as Photobacterium fischeri and is nowadays considered
as the paradigm of this cell communication process. In this network two proteins
and one signalling molecule are involved. The R protein is a transcriptional regu-
lator, while the I protein is the synthase for the signalling molecule, also referred
to as the autoinducer. An important role is also played by the confinement of
the bacterial colony. The fact that the autoinducer molecule is not dispersed
in the environment allows its diffusion inside the individuals and therefore its
concentration sensing.

At low cell densities the I protein synthesises the autoinducer at a basal rate
and the signal freely diffuses outside the bacterium. The concentration of the sig-
nal inside each bacterium is increased by the combined effect of the confinement
and the increase of the population. At this point, the binding of the R protein
with the autoinducer becomes more likely. The binding of the signal molecules
activates the R protein transcriptional regulator. Since the I gene is the target
of the R protein, the bacterium starts to produce more and more signals. The
regulation network signal autoinduces its transcription. In this way the high con-
centration of the autoinducer coordinates the transcription of all the genes that
are target of the R protein.

The quorum sensing in Pseudomonas aeruginosa is more complex, neverthe-
less intriguing, since this bacterium uses two different quorum sensing systems
which interact each other.

The aim of this work is to provide a P system model [15, 16] of the bacterium
Pseudomonas aeruginosa quorum sensing, focusing on the communication mech-
anisms. The parameters of the model will be tuned using an evolutionary algo-
rithm. Our long term aim is to reproduce the characteristic behaviour of the
quorum sensing in Pseudomonas aeruginosa, namely, the switch between two
distinct stable steady solutions: the first describing the behaviour of the non-
quorated bacterium (i.e., with low levels of autoinducer), the second modelling
its quorated behaviour (i.e., the behaviour obtained with high concentration
of the autoinducer molecule). Once the model will be entirely defined several
simulations with different strategies [6, 20, 18] will be run.

First of all, we address the modelling of the internal dynamics of one single
bacterium, tuning its kinetic constants in a way ensuring its non-quorated be-
haviour. At a later stage, we intend to exploit compartmentalisation of P systems
to model a colony of bacteria each of them internally specified according to the
same set of kinetic constants. In this respect we will extend the current model
to a Population P systems approach [3] that has been already used to express
some aspects of quorum sensing in bacterium Pseudomonas aeruginosa [22] and
for self-assembly problems [4].
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2 An initial model

The first stage of our investigation is intended to describe the quorum sensing
related network of each bacterium to capture its main features into a mecha-
nistic model [2], in which the whole system is described at biochemical level.
The quorum sensing internal pathway of each bacterium is taken from models
discussed in [11,9] and a graphical representation of all elements involved in it,
as well as some relevant relationships between them, is depicted in Figure 1.
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Fig. 1. The Pseudomonas quorum sensing model analysed here (from [9]). Note that
double arrows denote reversible reactions, bold ones degradation processes and empty
ones the inhibitory process.

According to this model, the quorum sensing pathway comprises two in-
terconnected signalling cascades. The main elements involved in the first one
are proteins LasR, RsaL, LasI (as well as the genes involved in their produc-
tion), the autoinducer molecule 3-0x0-C12-HSL and the active complex LasR-
3-0x0-C'12-HS L. The key elements of the second system are the proteins RhlR
and RhAII (as well as the genes involved in their production), the autoinducer
molecule C4-HSL and the active complex RhiR-C4-HSL. The first one of the
two signalling cascades is called las system because it was shown to regulate the
expression of LasB elastase. This pathway regulates other virulence factors such
as LasA protease, exotoxin A, alkaline protease A as well as the expression of
at least two genes of the zcp secretory pathway. The las pathway is positively
controlled by GacA and Vfr whereas it is inhibited by RsalL that, in turn, is
positively regulated by the active complex LasR-3-oxo-C12-HSL and whose role
is to repress the transcription of the lasl gene.
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The second signalling system involved in the model is named rhl system
because it controls the expression of rhamnolipid via the production of rhlAB
operon. The autoinducer molecule in this case is C4-HSL and the active com-
plex is RhlIR-C4-HSL. It has been shown that this cascade is necessary for the
production of some virulence factors like LasB elastase and LasA protease, as
well as pyocyanin, cyanide and alkaline protease. For this reason this signalling
system is also known as vsm (virulence secondary metabolites).

Although the corresponding autoinducing molecules are highly selective (and
thus not interchangeable at all), several interconnections between the las and
the rhl pathways of the quorum sensing in Pseudomonas aeruginosa are known.
One link between them has been already mentioned and it is constituted by
the LasB elastase, that needs both LasR-3-oxo-C12-HSL and RhIR-C4-HSL
for its production. More interestingly, the las system is at a higher level in the
hierarchical regulatory cascade, in fact LasR-3-ozo-C12-HSL can activate the
expression of the rhlR gene. In addition, the active complex LasR-3-oxo-C'12-
HSL can bind to RhlR preventing it to form the complex RhIR-C4-HSL.

2.1 The differential equation model

Many models of the quorum sensing in the Pseudomonas aeruginosa are pre-
sented in the literature and usually they approach the phenomenon from two
different angles. The first one describes the colony behaviour by summarizing
individual dynamics as a state change avoiding a precisely detailed representa-
tion of each of the bacterium quorum sensing networks [24, 1]. The second one
describes in a more detailed fashion the quorum sensing pathway for each bac-
terium with the purpose to model the emergent behaviour of the whole colony
[11].

We think that the P system framework is particularly suitable for this sec-
ond approach. In fact, the modularity, the compartmentalisation, the hierarchical
structure and the rewriting rules (all features of P systems [16]) allow a conve-
nient description of this reality.

In [11] a model of the las signalling system has been devised, but no descrip-
tion is given of the rhl system. The graphical description of the quorum sensing
pathway depicted in Figure 1 has been translated into the following set of eight
differential equations:

48 = kraRA — kpP

4B — —kpaRA+kpP — krR + kv

4L = k3l — kL 1)
98 — kys — ksS :
% :%ﬁ—krrnLro

dl P 1
dt _VlKlJrPKSJrS kil + o
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where the correspondence between differential equation symbols and elements
in the pathway are summarized in Table 1.

The production of the activated complex P by means of the autoinducer and
the LasR protein (whose expression is given by the product of the constitutive
elements concentrations with a rate kra: kra RA) is an example of how cooper-
ative contributions are obtained in the differential equations approach by means
of the mass action law.

Basal rates productions and degradations are also taken into account, an
example of the former is the k17 element giving the basal production of LasR
protein (R), while an example of the latter is the degradation of the active com-
plex (P) represented by the element kpP. The production of messenger RNAs
from the corresponding genes is modelled with a Michaelis-Menten-like dynam-
ics depending on the concentration of the transcription factor, as it happens in
the case of the production of lasR and rsalL mRNAs (respectively r and s), the
first modelled by V, ——= oo + + and the second by V5. The production of lasI
mRNA (]) is also down regulated by the presence of RsaL protein (S) and this
is modelled by V;——= Kl e Ks %-75» in which the Michaelis-Menten-like dynamics is
attenuated by an inversely proportional function of the Rsal concentration.

Unfortunately, no value is known for the 21 kinetic constants present in
the set of differential equations (2.1). To overcome this problem, in [11] several
simplifying assumptions are considered, that lead to fewer equations and fewer
parameters as well.

Variable  Biological entity
LasR
3-oxo-C12-HSL
LasR-3-oxo0-C12-HSL
LasI
RsalL
lasR mRN A
las] mRNA
rsal mRNA

w o— = g

Table 1. Variable-concentration correspondence between the differential formulation
and the graphical description of the quorum sensing model of Pseudomonas aeruginosa
(from [11]).

In the following we will describe a possible parameter estimation strategy
to tackle this problem (see Section 4). The idea is to relay on this differential
equations system as a “synthetic bio-experiment” used to confront our model to.
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2.2 A first P systems model

Several attempts to simulate quorum sensing in bacteria are present in P sys-
tems literature [5,19], but, as far as we know, none of them deals with the
Pseudomonas aeruginosa bacterium.

Here we describe a direct P systems translation of the differential equation
model previously discussed [11]. Formally, the Pseudomonas P System is:

= (V.py,w,R)
where:

— V ={geneR,geneL,R, A, P,L,S,r,1, s} is the alphabet;

— u = [ ]o is the membrane structure: since we address the single bacterium
case, it consists of the cellular membrane only;

— w = geneR genelL is the initial configuration that comprises only LasR and
LasI genes, thus is represented as the string;

— R ={r1, -+ ,r1s} is the set of the rules:

r1: geneR — geneR+r
ro: T — A

rg:or —r+ R
rqg: P — P+r

5 - R+A —P

r¢ . P — R+ A
r7: P — P+s
rg: S — A
rg: S — A

710 : S — s+ S
T112P —>P+l
19 1 — |+ L
ri3: 1l — A

714 : genel, — geneL +1
ris : L — A
T162L —>L+A
T172A — A
7‘182R — A

Note that, symbols in V' correspond to the variables of the differential equa-
tion and their correspondence to the biological reality is given in Table 1. Two
new elements (i.e., geneR and geneL) are introduced, which account for the
genes involved in the basal production of the LasR and LasI mRNAs.

Each one of the rules in R is directly obtained from the differential description
of the considered quorum sensing model. For example, we can see that rule r;
models the basal production of the LasR mRNA, while rule ro expresses its
degradation, moreover rules ;5 and rg describe the reversible reaction of the
complex P formation by starting from its fundamental constituents R and A.
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Due to the different level of abstraction in the representation of different
parts of the model (as in the case of the Michaelis-Menten-like kinetics that are
modelled with a higher level of abstraction than other components of the system),
we can not directly apply mechanistic algorithms to this model. For this reason,
we will apply to this set of rules only the strategy known as Metabolic Algorithm
(for details refer to [6]), whose simulation results, together with some numerical
solutions of the set of differential equations (2.1), are shown in Section 2.3 for
different choices of parameters.

The metabolic algorithm simulation needs to specify a set of reaction maps,
each one associated in a one-to-one manner to the rules of R. Reaction maps
[6] are functions defined over the state of the system (i.e., multiplicity or con-
centration of all elements of the system depending on the case), that are used
by the Metabolic algorithm to allocate objects to rules. For example, as we will
see shortly, F;.,, that is the reaction map of rule r1, is simply the constant rate
of production of LasR mRNA. We can have more complicated reaction maps,
as in the case of rule r4 that takes into account the Michaelis-Menten-like pro-
duction of the LasR mRNA elicited by the LasR-30xo-C12-HSL complex. As
in the case of the rules, that specify the physical interactions and connections
between the elements of the modelled reality, we can obtain this information
from the differential equation formulation. The set of reaction maps employed
in our simulations are the following:

Frl =To F’l“z = kr
F’I‘3 =k F’!‘4 _KYJTrP
Fr5 = kRA F’l“g kP
Vs
Fr, = 2% By =k
Fry =k F..,=ks (2.2)
_ Vi

Fru = mrmmersy Fre =hs
F’I‘13 :kl F’!‘14 —l0
Fr15:kL Frm —k2
Fr17:kA F’!‘ls :kR

Note that all reaction maps are constant apart from three of them. We have
already discussed the meaning of the reaction map associated to rule r4, anal-
ogous considerations hold for F,.. as well. More interesting is the reaction map
associated to rule r1; that takes into account the inhibitory effect of Rsal pro-
tein on the production of the las] mRNA.

Remarkably, the method allows the current description of different parts of
the system at different abstraction levels; moreover it is still applicable if all
reaction maps are constant, a condition required by mechanistic algorithms.

In the following some simulation results are shown, as well as the numerical
solution of the differential equation system, for some chosen parameters.

2.3 Simulation results

Here we show how the same reality can be described with two different ap-
proaches. As mentioned before, we do not have precise values for the model pa-
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rameters, for this reason, as a first comparison attempt, we make a completely
fictitious choice for them. As a further work, we plan to adopt some automatic
way for the parameter estimation (see Section 4 for more details). The initial
choice of parameters is here shown, and all the subsequent changes to this initial
parameter set will be explicitly mentioned:

kra =10 kp =2

kr =5 ki =
ke =1 ka =1
ks =1 krp, =1
ky =1 ks =1
Ve =1 K, = (2.3)
ks =0.5 Vi =1
K, =1 k, =1
To =1 W =
K =1 k =1
lh, =1 Kg=1

The lack of biological information makes this choice completely arbitrary.
Moreover, the high level description of some parts of the system prevents us to
compute the dynamics of the system by means of stochastic algorithms such as
the Gillespie one [12,13], Dynamical Probabilistic P Systems [20] or the Multi-
compartmental Gillespie [18].

In this section we compare the dynamics generated by the metabolic algo-
rithm with the solutions obtained for the corresponding differential equation
system. Figure 2 depicts the case in which parameters are chosen according to
(2.3), the dynamics of each species reaches a steady state in both approaches,
but the relative position of the species is different and this leads to two distinct
system dynamics. Moreover, the time of the two systems differs; in the solution
of the differential equation system this is measured in arbitrary units (due to
the arbitrary choice of parameters), while in the model based on P systems the
time is measured in steps of system evolution. In Figure 3 the choice of V; =0
switches off rule r1; of the P system model and in this case the results of the
two different approaches qualitatively match each other. Finally, the last choice
of parameters is aimed at obtaining a quorum sensing consistent behaviour, that
is, in the case of a single bacterium in the environment it should not quorate
and thus the concentration of the complex P should reach the basal rate. Ac-
cordingly, we set Kra to the value 0.1. In this case, depicted in Figure 4, the
dynamics produced by the two approaches is qualitatively similar again.

3 Towards a detailed P systems model

Although the preliminary P system model described in Subsection 2.2 showed
that we can obtain comparable results with the current models presented so
far, our intention is to refine the model defined above in order to allow the
simulation of its dynamics by means of mechanistic methods like Gillespie’s
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Fig. 2. Results for the Q. S. model with parameters showed in (2.3) using ODE
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approach [12, 13], Dynamical Probabilistic P Systems algorithm [20] or the Multi-
compartmental Gillespie [18]. In addition, this model is completely driven by the
set of differential equations and in some cases it is not very biologically accurate.
For example, in the case of rsaL mRNA production, when different from other
mRNAs productions, it does not show any basal rate production. Moreover, it
does not consider the binding of the transcription factor to the appropriate gene
site necessary to start the transcription process of the DNA into the mRNA.

The formal description of the detailed P system model of Pseudomonas quo-
rum sensing is the following:

= (V.py,w,R)

where:

— V ={Vfr,lasR,VfrlasR, mlasR, LasR,30HSL, LasR.30HSL,
LasR.30HSL.lasR,lasl, LasR.30HSL.lasI, mlasl, Lasl,
rsaL, LasR.30HSL.rsaL, mrsaL, RsaL, RsaL.lasI} is the alphabet;

— p = [ ]o is the membrane structure: since we address the single bacterium
case, it contains the cellular membrane only;

—w = Vfr"® lasR lasl rsal is the initial configuration that comprises
only the three genes and the protein Vfr that is needed to initiate the
transcription and should be initialised with a high amount n € Nj

— R ={r1, - ,ras} is the set of the rules:
r1: Vfr+lasR LR VfrlasR+ Vfr
ro: VfrlasR *2, lasR
rg: VfrlasR Fa, VfrlasR + mlasR
ry . mlasR Fea, A
rs . mlasRk . LasR + mlasR
r¢ . LasR LIRS
r7: LasR+30HSL 2, LasR.30HSL
rs: LasR.30HSL 5, LasR+30HSL
ro: 30HSL Koo A

o : LasR.30HSL + lasR % LasR.30HSL.lasR

ri11 : LasR.30HSL.lasR M rasR.30HSL + lasR

19 : LasR.30HSL.lasR 2 LasR.30HSL.lasR + mlasR
s : LasR.30HSL + lasI % LasR.30HSL.lasl
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ris: LasR30OHSLlasI 2% LasR.30HSL + las]
ri5 : LasR.30OHSL.lasl 515, LasR.3OHSL.lasl + mlasl
r16 : mlasl LN
ri7 s mlasl Far, Lasl +mlasl
ris : Lasl LY
10 : Lasl 19, LasI +30HSL
roo : LasR.3OHSL + rsal 520, LasR.30HSL.rsal
r91 : LasR.30OHSL.rsalL L LasR.3OHSL + rsalL
199 : LasR.30HSL.rsalL k2 1ausR.30HSL.rsal + mrsalL
ro3 : mrsal LN
T94 : Mmrsal L Rsal + mrsalL
ro5 : Rsal as, A
rog : Rsal + lasl k2, Rsal.lasl
ro7 : RsaL.lasl 52, Rsal + lasl
rog : RsalL.lasl Fas, RsalL.lasI + mlasl
where k;, for i = 1,--- |28, is the rate constant associated with the ith rule.

This system is depicted in Figure 5

where numbers next to arrows refer to

the corresponding rules. Note that arrows with two numbers denote reversible
reactions modelled in the P system description with two distinct rules.
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Fig. 5. The Pseudomonas quorum sensing detailed model analysed here. The number
next to each arrow refers to the corresponding P system rule.
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To give some ideas on how the model has been built we explain in detail the
process that, starting from the las] gene, leads to the formation of the complex
LasR.30HS L, the remaining part of the model follows a similar derivation. The
production of LasI mRNA (mlasI) can be done in two ways depending on the
transcription factor bound to the lasl gene. In fact, when LasR.30H SL binds
to the gene lasI (rule r13), it activates the transcription of lasI gene into mlasl
mRNA (rule r15) with a rate ki5. The RsaL protein can bind to the lasI gene
as well (rule 7o), but in this case, the same transcription (modelled by rule
rog) has different rate kas. Since the biology of the process tells us that RsaL
protein inhibits the mRNA production, we add the constraint that kog < k5.
The mlasI mRNA can either be degraded (rule r15) or be translated into the
LasI protein (rule 7). The latter can in turn be degraded (rule r1g) or it can
produce the autoinducer molecule 30O HSL (rule r19), that can bind to the LasR
protein and form the complex LasR.30HSL (rule r7) or be degraded (rule ry).

As far as we know, no value for the kinetic constant necessary for the simu-
lation of this dynamics is known in literature. For this reason we plan to adopt
some automatic tools for exploring the huge parameter space. In the following
section we describe a Genetic Algorithm fitting approach.

4 Parameter Estimation

In previous sections we showed two alternative models of Quorum Sensing and
qualitatively compared them against a differential equations based model. In this
Section we show, as a proof of concept, how P system models can be quantita-
tively fitted to observed data. In this proof of concept section we consider the
ODE model as the golden standard against which the P system model must
be fitted. That is, the ODE is a proxy for a biological experiment from which
we could measure a variety of molecular concentrations. In order to fit the P
system models to the ODE’s observed data we perform parameter optimisation
using an evolutionary algorithm (EA). Our EA has been specially developed for
optimising a range of design and manufacturing processes. It has been success-
fully tested on a variety of complex systems and nano-particles self-organisation
system [21]. Our evolutionary system is web-server based and can be tailored
to solve a broad range of problems. The number and data types of genes in the
chromosome, along with the parameters for the GA, including the users choice of
selection, replacement, mutation and crossover mechanisms can be specified in
the web-based configuration module. The later builds an XML script as output.
This script, along with a plug-in style problem specification class, which most
importantly includes the fitness function, configures the evolutionary algorithm
to the specific problem at hand. The execution of the evolutionary algorithm
can then be started and observed over the internet through a Java servlet. This
evolutionary engine also caters for CPU-intensive optimisation problems, like
the one we investigate here, by distributing the execution of the algorithm on a
large computer cluster. Moreover, the web-server also allows simultaneous exe-
cutions of the evolutionary engines on different problems. The web-server can be
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accessed (under request) from www.chellnet.org. For a schematic representation
of the evolutionary engine please see Figure 6.

- no data types - data type representation and bounds
- no problem specific representation - evaluation module ("plug—in")

- no parameters - evolutionary engine parameters
Generic Evolutionary Engine A;» Specialised Evolutionary Engine T> Results

Evaluation module

Ve

problem-specific

Web-based configuration module Web-based execution module

Fig. 6. The ChellNet Evolvable Chellware Engine

I
I
I
I
| 1
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XML I Java servlet
I
I
I
I
I
I
I
I

In what follows we describe the fitness function used to fit our P systems to
the observed time series.

4.1 The Fitness Function

The evolutionary engine is used to adjust the parameters of the P system as to
fit the w,w € N observed target time series Syg; = {s{,;}i=1,... w simultaneously,
where each of the w time series corresponds to one of the species concentrations.
In turn, the P system model generates w time series S= {s'};—1 ... ,,. The evo-
lutionary algorithm goal is to minimise the error between S;4 and S. Although
simply put, this error must be done carefully as the sampling of the P system’s
S and that of S;4 are different. If sigt € Sigt, with (dropping the super-index
for simplicity) sigr = {y(0),y(¢),y(2¢€),...,y(ne)} and € the time step precision
for Sge, and s = {y(0),...,9'(t}),...,y'(t},)} there is no direct mapping from
t: (in s) to ke (in syg) for some k& > 1 as the time interval simulated is not
uniformly sampled under a Gillespie dynamics. In order to compute the error
between a given y'(;) and a candidate g interpolated from s, we need to in-
terpolate the value §(t}) that s;; would take at ¢’. Note that the only point in
time that is guaranteed to match in both time series is ¢y, so we can obtain the

index vy
k=L

.

With the index £ we can interpolate s;4; between the time steps ¢, and ¢511:



172 L. Bianco et al.

_ yltera) —y(te)
5
that is the slope of the segment of line that runs between points (tx, y(tx)) and
(tk+1,y(tk+1)). With ¢ we can interpolate the value of s;g at time ¢} with
g(ty) = y(tr) +q (t; — tr).

With this provision in mind the parameter learning problem becomes:

> l9(¢) —y' ()]

’ i gt Y 7

. Z Vti€st,steS maz{g(t}),y’(t;)}
min

lls*|

(4.1)

Eq. 4.1 is used by the EA to fit the P system to the data. This fitness measure
takes into account all the time series to be approximated and the quality of the
sample of each time series.

4.2 A case study: the Michaelis-Menten dynamics

In order to demonstrate the feasibility of automatically tunning a P system
model with an evolutionary algorithm we choose a simple case study: we apply
the EA to the problem of matching the kinetic constants of a Michaelis-Menten
dynamics (MM). The MM dynamics is numerically obtained through a set of
differential equations that simulate the following enzymatic reactions:

kZ -
E+S:f2ESfLE+P (4.2)

where F represent the enzyme catalyzing the reaction transforming the substrate
S into the product P. The reaction takes place in two different stages, the former
being the reversible formation of the active complex ES, the latter being the
production of P. All the details regarding the MM dynamics can be found in [7,
8.

As mentioned above these reactions are modelled by means of the following
set of differential equations:

A8 — ey Bo[S] + (k1 [S] + ko) [ES]
W) = ky Bo[S] — (ka[S] + k2)[ES] (4.3)
4Pl — ky[ES)

where Ej represents the concentration of the total amount of enzyme (i.e., the
free enzyme plus that bounded to the substrate to form the complex ES), while,
as usual in biochemistry, [X] represent the concentration of the species X. The
reactions (4.2) can be straightforwardly translated into a P system having only
one compartment and three rules (each one referring to exactly one of the bio-
chemical reactions mentioned), whose dynamics can be calculated by means of
the Gillespie algorithm.



Towards a P Systems Pseudomonas Quorum Sensing Model 173

Without loss of generality, we arbitrarly fix the three kinetic constants to
k1 = 1000, k2 = 1 and k3 = 0.05 and we numerically solve the differential equa-
tions. The initial conditions used are 0.001 M for the initial substrate S and
0.5-1073 M for the initial concentration of the enzyme E (no product P neither
active complex E'S is present at the beginning). We thus obtain three time series
that represent the target behaviour the P system must imitate. The evolutionary
algorithm thus must coerce the P system to mimic as close as possible the MM
dynamics (with an imaginary volume fixed to 1.67-1071° liters!, needed to trans-
late concentrations into objects and deterministic rate constant into stochastic
ones).

Figure 7 shows the progress of the evolutionary engine while trying to match
with a P system the time series generated by the Michaelis-Menten process.
Figure 8 shows the actual display of the evolved P system’s concentrations and
the target concentrations.

5 Conclusions and further work

We have briefly described a part of the quorum sensing network in the Pseu-
domonas aeruginosa. Starting from a differential equations based model we have
provided a P systems version of it and we compared the dynamics of the two
approaches. In order to apply different simulation strategies on this intriguing
phenomenon we provided a more detailed, mechanistic model which, we believe,
is closer to the biological reality. The lack of biological information regarding
the dynamics of the system led us to use an automatic way for estimating the
parameters involved by using an evolutionary algorithm approach that offers a
reliable and effective method in this respect.

An immediate step further, after obtaining all the parameters regulating a
single bacterium dynamics, is to extend the proposed model at a colony level, ex-
ploiting compartments offered by P systems and already established population
P systems models.

Other important developments are related to the use of experimental data
to tune the dynamics of our specifications such as to simulate real biological
processes. In this respect the use of model checking methodologies, already under
consideration in a paper under preparation, will contribute towards validating
certain properties of the systems modelled.

On the long term we believe that these steps can represent the first stage
toward a quantitative analysis that will hopefully lead to a better understanding
of the systems under consideration.
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References

1. K. Anguige, J.R. King, J.P. Ward, and P. Williams. Mathematical modelling of
therapies targeted at bacterial quorum sensing. Mathematical Biosciences, 192:39—
83, 2004.

2. A. P. Arkin. Synthetic cell biology. Current Opinion in Biotechnology, 12:638—644,
2001.

3. F. Bernardini and M. Gheorghe. Population P systems. Journal of Universal
Computer Science, 10:509-539, 2004.

4. F. Bernardini, M. Gheorghe, N. Krasnogor, and J.-L. Giavitto. On self-assembly in
population P systems. In C. S. Calude, M. J. Dinneen, G. Paun, and M. J. Pefez-
Jimeinez, editors, Unconvetional Computation. 4th International Conference, UC
2005, pages 4657, 2005.



Towards a P Systems Pseudomonas Quorum Sensing Model 175

- Substmte (optimm) - Frayme joptimm)  + Procuct {optimm)  * Substrte {evolned) Bnmyme {erodved] = Product jewolyed]

1150000
1100000
1050000
1000000
950000
an0000
850000

800000

750000

700000

650000

£00000

550000

Concertration

00000

450000

400000

350000

300000

250000

200000

150000

100000

50000

0

02 04 08 03 1 1.2 14 18 13 2 22 24

Fig. 8. The target Michaelis-Menten concentrations and the evolved P systems ones.

5. F. Bernardini, M. Gheorghe, N. Krasnogor, R.C. Muniyandi, M.J. Pérez-Jiménez,
and F.J. Romero-Campero. On P Systems as a modelling tool for biological sys-
tems. In R. Freund, G. Lojka, M. Oswald, and Gh. Paiin, editors, Pre-Proceedings
of the 6Th International Workshop on Membrane Computing (WMC6), pages 193—
213, 2005.

6. L. Bianco, F. Fontana, and V. Manca. P Systems with Reaction Maps. Interna-
tional Journal of Foundations of Computer Science, 17(1):27-48, 2006.

7. G. E. Briggs and J. B. S. Haldane. A note on the kinetics of enzyme action.
Biochem. J., 19:338-339, 1925.

8. K. A. Connors. Chemical kinetics: The study of Reaction Rates in Solution. VCH,
1990.

9. C. V. Delen and B. H. Iglewski. Cell-to-cell Signalling and Pseudomonas Aerug-

inosa Infections. Emerging Infectious Diseases, 4(4):551-560, October-December
1998.



176

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

L. Bianco et al.

S. P. Diggle, K. Winzer, A. Lazdunski, P. Williams, and M. Camara. Advanc-
ing the Quorum in Pseudomonas aeruginosa: MvaT and the Regulation of N-
Acylhomoserine Lactone Production and Virulence Gene Expression. Journal of
Bacteriology, 184:2576-2586, 2002.

J. D. Dockery and J. P. Keener. A Mathematical Model for Quorum Sensing in
Pseudomonas aeruginosa. Bulletin of Mathematical Biology, 63:95-116, 2001.

D. T. Gillespie. A General Method for Numerically Simulating the Stochastic Time
Evolution of Coupled Chemical Reactions. Journal of Computational Physics,
22:403-434, 1976.

D. T. Gillespie. Exact Stochastic Simulation of Coupled Chemical Reactions. Jour-
nal of Computational Physics, 81(25):2340-2361, 1977.

A. M. Lazdunski, I. Ventre, and J. N. Sturgis. Regulatory Circuits and Com-
munication in Gram-Negative Bacteria. Nature Reviews, Microbiology, 2:581-592,
2004.

G. Paun. Computing with membranes. J. Comput. System Sci., 61(1):108-143,
2000.

G. Paun. Membrane Computing. An Introduction. Springer, Berlin, Germany,
2002.

J. P. Pearson. Early Activation of Quorum Sensing. Journal of Bacteriology,
184:2569-2571, 2002.

M. J. Pefez-Jimeriez and F. J. Romero-Campero. P Systems a New Computational
Modelling Tool for Systems Biology. Transactions in Computational Systems Bi-
ology. (In press), 2006.

M.J. Pérez-Jiménez and F.J. Romero-Campero. Modelling Vibrio Fischeri’s be-
haviour using P Systems. In Systems Biology Workshop, ECAL, 2005.

D. Pescini, D. Besozzi, G. Mauri, and C. Zandron. Dynamical probabilistic P
systems. International Journal of Foundations of Computer Science, 17(1):183,
2006.

P. A. Siepman, G. Terrazas, and N. Krasnogor. Evolutionary Design for the Be-
haviour of Cellular Automaton-Based Complex Systems. In Proceedings of the
Seventh International Conference on Adapting Computing in Design and Manu-
facture.

G. Terrazas, N. Krasnogor, M. Gheorghe, F. Bernardini, S. Diggle, and M. Camara.
An Environment Aware P System Model of Quorum Sensing. In S. Barry Cooper,
B. Léwe, and L. Torenvliet, editors, New Computational Paradigms. First Conf.
on Computability in Europe, CiE2005, pages 479-485, 2005.

A. U. Viretta and M. Fussenegger. Modelling the Quorum Sensing Regulatory
Network of Human-Pathogenic Pseudomonas aeruginosa. Biotechol. Prog., 20:670—
678, 2004.

J. P. Ward, J.R. King, A.J. Koerber, P. Williams, J. M. Croft, and R. E. Sockett.
Mathematical modelling of quorum sensing in bacteria. Journal of Mathematics
Applied in Medicine and Biology, 18:263-292, 2001.

K. Winzer, K. R. Hardie, and P. Williams. Bacterial cell-to-cell communication:
sorry, can’t talk now — gone to lunch! Current Opinon in Microbiology, 5:216—222,
2002.



