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Abstract. In this paper we introduce a stochastic executable biology methodology that can be used for
systems and synthetic biology research. Our methodology is based on a rigorous computational formal-
ism, P systems, that capture the three essential components of living systems: membranes, information
molecules (e.g. DNA, RNA, amino acid sequences) and metabolism. The mathematical structure of our
formalism allows us to build models in a modular fashion, perform very large simulations efficiently,
use model checking to formally prove properties of a model and perform both model parameter and
structural optimisation. We briefly mention the application of this methodology to bacterial colonies
undergoing quorum sensing and plant root development.
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1 Executable biology

The different approaches to modelling biological systems have been classified into mathematical
and computational frameworks, the latter termed executable biology[l]. The semantics used in
these two approaches constitutes the main difference between them. On one hand, mathematical
models follow a denotational semantics, and consist of sets of equations which relate the quantities
of the different molecular species to each other over time. These equations need to be solved or
approximated numerically in order to obtain the time evolution of the system. On the other hand,
the semantics of computational models is operational, consisting of a list of instructions producing
an algorithm whose execution resembles the behaviour of the system under study. Executable
biology has many appeals, for example, it not only captures the biological system’s dynamics
(as, e.g. a differential equations model does) but also it explicitly represents the mechanisms by
which these dynamics are achieved. Moreover, executable biology models are usually (e.g. Petri
nets, P systems, etc) written in a language that is familiar to biologists (e.g. by representing
molecules and biochemical reactions with nodes and arcs or by rules with an antecedent and a
consequent). Critically, they - unlike differential equation models that rely on very large numbers
of molecules or infinitesimally small entities - can cope well with small numbers of components,
spatial heterogeneity, etc.

Many formal computational approaches have been applied to systems biology, such as Petri
nets[5, 3] and w-calculus|8, 6], but these tend to ignore the higher level organisation of cells in colonies
and tissues, or intracellular compartmentalisation, in favour of modelling only molecular interaction
networks. This can make it difficult to study the complex properties of multicellular systems that



depend on cell-cell interaction. The executable biology methodology we propose encompasses both
molecular interaction networks and organismal/colony levels. That is, truly multiscale modelling
becomes feasible.

Our methodology is based on P systems, a formalism derived from the structure and functioning
of living cells[9]. P system represent molecular interactions as rewriting rules on multisets of objects
and/or strings; cellular organisation is represented through a hierarchy of membranes, while the
colony /tissue level is represented as collections of membranes. Our executable biology “programs”,
called P system specifications, are executed by a virtual machine running an exact version of Gille-
spie’s stochastic simulation algorithm (SSA) extended to multiple compartments[10]. This virtual
machine guarantees that rules, i.e. biochemical events, with an associated kinetic rate constant are
executed at a biologically realistic rate, thus producing realistic trajectories of well-mixed chemical
systems|[2]. We refer to this variant as stochastic P systems.

2 Principles and applications of stochastic P systems

The complexity of the different scales (molecular, cellular and colony/organismal levels) in cellular
systems are typically tightly interrelated. Stochastic P systems present an integrative multiscale
modelling framework which explicitly specifies the different levels of cellular systems in a relevant
and understandable manner. The abstractions used in our approach are closer to the biology than
the abstractions of other formal approaches (for example Petri nets and (ordinary) differential
equations do not have “membranes”). Within this framework we are developing modelling principles
for systems biology, in particular, our chosen application domains of bacterial colonies and plant
tissues:

e Molecular species of explicit structure such as drugs and metabolites are specified as atomic
objects. Strings of symbols are used when you wish to model the internal structure of molecules
as, for example, is the case in gene operons with a linear structure consisting of promoters, a
linear sequence of genes, repressor binding sites, etc; or proteins with active sites or sites of
post-translation modification.

e Membranes play a key role in the functioning and structural organisation of living cells. Their
role is not limited to defining the boundaries of compartments and cells; instead they actively
take part in the regulation of the metabolism and information processing in inter- and intra-
cellular systems. The modelling framework based on P systems is one of the few computational
approaches which explicitly specifies the role of biological membranes and compartments.

e Molecular processes consisting of protein-protein interactions and protein translo-
cation are described in stochastic P systems using rewriting rules on multisets of objects. Our
framework provides an intuitive rule-based biological modules library for the most common
molecular interactions taking place in models of living cells: transformation and degradation
of molecular species, formation and dissociation of complexes, transport of molecules across
compartment membranes.

e Gene expression control in response to signal transduction is one of the key information
processing steps of multicellular life. The specification of the processes involved in gene expres-
sion control can be represented in P systems as rewriting rules on multisets of objects or as



rewriting rules on multisets of strings and objects depending on the level of abstraction for the
structural organisation of the genes used in the model. Library modules for the most common
gene regulation are also included.

e In multicellular models the specification of the environment in which cells are located cannot
be described by a single membrane since it is normally too big to be considered well-mixed from
the point of view of the SSA. Therefore the environment is partitioned into a grid of small
regions each of which can be considered well-mixed. Each one of these regions is represented
using a compartment and connected in a graph which represents the vicinity of one region of the
environment to another. We refer to this structure as a multienvironment[12]. A bacterial colony
is described using multienvironments by distributing a number of P system models of individual
bacterium among the different environments. The behaviour of the colony thus emerges from
the environment-mediated interaction of thousands (or more) individual bacterium models.

e For plant tissues, with cells composed of a central cytoplasmic region enclosed by continuous
cell wall (or apoplastic) region, we model each face of the cell wall as a different, adjacent
environment. We are using executable P system models to create multiscale models which
combine intracellular signalling and regulatory networks with transcellular processes such as
hormone diffusion and transport.

3 Modularity

Biological functions are the results of the evolution of interactions between modules made up of
interacting molecular species. By definition, a module is a discrete entity which performs a specific
function that is to some extent separable (orthogonal in synthetic biology jargon) from those of
other modules. Modules can be isolated or connected to each other. Isolation allows a cell to carry
out many diverse processes without (potentially harmful) interference among processes, whereas
connectivity allows higher level functions to be built by assembling different modules. Modules
quasi-separation originates from either the chemical specificity between the molecular species, from
spatial localisation in different compartments, from temporal modulation or from a combination of
these factors[4].

Chemical specificity and spatial localisation can be easily specified and analysed in P systems
using rewriting rules to describe chemical specificity and membranes to represent spatial locali-
sation. Our stochastic P system modelling framework introduces the idea of modules of rules to
characterise sets of rules which perform specific biological functions separable from the functioning
of the rest of the system, thus for example one can instantiate a positive gene regulation template
into two different modules, one dealing with genes A & B, and the other with genes X & Y. A P
system module consists of a set of rules of the forms previously introduced representing molecular
interactions which occur repetitively in many cell systems. A module is identified with a name and
three sets of variables specifying the molecular species, the stochastic constants and the names of
the compartments where the modules are active. Complex modules can be constructed from simple
modules by applying set union.



4 Model generation and parameter estimation

Models of biological systems can have many unknowns, such as missing rate constants or undiscov-
ered biochemical pathways. Our executable biology methodology is well suited for the automated
optimisation of model structure and parameters. It is well suited for these tasks because it is syntac-
tical and semantically rigorous as well as (as explained before) modular. We are using evolutionary
algorithms to generate and optimise P system models to fit laboratory observations. Work pub-
lished in [11] uses a nested genetic algorithm to first evolve the modular structure of the model,
and secondly, to fine tune the stochastic rate constants of the rules in the proposed modules. We
follow an incremental approach, starting with predefined modules from an elementary library of
modules. New modules are generated by combining these elementary modules and those from the
fittest models are in turn added to the library of modules so they can be used subsequently to
develop more intricate and circuitous modular structures. A particular benefit of this combined
approach is that multiple runs of the evolutionary algorithm yield different fittest models that vary
in their structure and parameters. That is, for a given set of evidential data, our approach can
suggest various alternatives to explain the data (multiple biological hypotheses to be empirically,
i.e. wet lab, validated). For instance a negative autoregulation module and a positive autoregula-
tion module can produce similar outputs depending on the rate constants involved. Validation or
rejection of such hypotheses drives model development and laboratory work.

5 Model checking

Whereas deterministic models are amenable to stability and bifurcation analyses, stochastic models
can be formally analysed by other means. The first route to analysis is through simulation, but
we may wish to know however, given a particular system, properties of the system such as the
likehihood of a gene being actively repressed at a certain time by looking at the structure of the
model instead. Our executable biology models allows us to perform model checking, a formal and
rigorous method for verifying the correctness of systems. Specifically, we are using probabilistic
model checking, a variant of classical model checking augmented with quantitative information
regarding the likelihood that certain transitions occur and the times at which they do. A stochastic
P system model is cast into Probabilistic Computational Tree Logic (PCTL), the language of the
model checking software PRISM|[7], which generates a discrete time Markov chain (DTMC) of all
possible states that is amenable to querying. Because this is an exhaustive approach, that is, all
possible behaviours of the system are analysed, the size of the systems that can be analysed are,
at the moment, quite small. We are developing ways of model checking modules to incrementally
overcome this issue, thus integrating modularity of design with modularity of analysis.

6 Conclusion

In this paper we have presented a multiscale modelling framework for systems and synthetic biology
models based on stochastic P systems. We have discussed how to specify the main components of
cellular systems and developed a formalism for modularity arising from chemical specificity and
spatial localisation. An evolutionary algorithm has been described which can automatically produce
and optimise both the modular structure and parameters of stochastic P systems to fit quantitative
laboratory data while producing alternative testable hypotheses.



We are currently building a software system which integrates stochastic simulation of multi-
compartmental P systems with automated model assembly and model checking. We are using this
system to model plant hormone transport in Arabidopsis thaliana and the quorum sensing circuitry
in Pseudomonas aeruginosa. In the future we plan to expand our formalism and software system
to include cell movement, growth and division for a range of topological organisations.
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