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Abstract

The cell as a dynamical system presents the characteristics of having a dynamical structure. That is, the exact phase space of
the system cannot be fixed before the evolution and integrative cell models must state the evolution of the structure jointly with
the evolution of the cell state. This kind of dynamical systems is very challenging to model and simulate. New programming
concepts must be developed to ease their modeling and simulation. In this context, the go&tes fhreject is to develop
an experimental programming language dedicated to the simulation of this kind of syste®ngtoposes a unified view on
several computational mechanisms (CHAM, Lindenmayer systems, Paun systems, cellular automata) enabling the specification
of spatially localized computations on heterogeneous entities. The evolution of a dynamical structure is handled through the
concept of transformation which relies on the topological organization of the system components. An example based on the
modeling of spatially distributed biochemical networks is used to illustrate how these notions can be used to model the spatial
and temporal organization of intracellular processes.
© 2003 Elsevier Science Ireland Ltd. All rights reserved.
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1. Introduction imply 10° cells of about 10 different kinds, each mod-
eled by nonlinear equations capturing the behavior
The computer simulation of a biological process im- of 50 different ion channels and organized in a re-
plies the definition of a model sufficiently rigorous to  alistic geometry(Paniflov and Holden, 1997Nev-
lead to a program. Such models are ttienmal but ertheless, a computer simulation makes possible the
depart from the more traditional mathematical models, systematic exploration of the system’s behavior and
e.g. by the high number of heterogeneous componentssometimes to make predictions. This kind of approach
implied in the system description, the complexity and s part of the more general idea sifnulated experi-
the size of the behaviors specification, the impossibil- ments (a|So called in silico experiments by bio|ogist5
ity to “compress” the evolution of the system in an  andnumerical experiments by physicists). These ex-
analytic or closed formula, etc. Referttartwell et al. periments are required when in-vivo or in-vitro ex-
(1999) Wolfram (2002) and Chaitin (2002)for an periments are out of reach for economical, practical
elaboration on these differences. For example, in the or ethical reasons. Note that the simulation of a com-
case of the human heart, some computer simulationsputational model (i.e. its run on a computer) is only
one of its possible uses: because it is formal, it is
"+ Corresponding author. possible to reason about it and for exam;_)le to infer
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for examples of the properties that can be proved on a system and back to biology is hew in molecular biol-
program). ogy, it has long been advocated in the domain of the
Besides their simulation, computational models can developmen{Maynard-Smith, 1999; Kaufman, 1995)
have a pedagogical, normative, and constructive role In this paper, we advocate that a special class of
in biology. For instance, these models can be used to DS plays a crucial role in the computational modeling
share knowledge about a given system, as a referenceof biological processes: th#ynamical systems with a
between scientists or to illustrate a set of complex rela- dynamical structure or (DS)? in short. The specifica-
tionships involved in a biological process. Another ex- tion of such kind of systems can be very difficult to
ample is their use as a blueprint in the design of a new achieve and new programming concepts must be de-
biological entity: Biology has reached the point where veloped to ease their modeling and simulation. These
in addition to the study of already existing natural en- observations have motivated the development of the
tities, it has to design new biological artifacts (drug MGS project.
design, artificial metabolic pathways, genetically mod-
ified organisms, ..). At last but not least, one may 1.1. QOutline
note that a number of notions developed in computer
science to investigate the notion of computations have The rest of this paper is organized as follows. In
been imported in biology: for instance the notion of the next section, we present the notion(BfS)2. In
programs, memory, information, control (&tengers, Section 3we sketch the use of term rewriting as a

1988; Keller, 199p possible paradigm for the computational modeling of
These examples acknowledge the emergence of a(DS)? through an example borrowed from artificial
new approach in biology, known aSomputational chemistry. Term rewriting suffers from severe short-

Biology, where biological entities are considered as comings for the specification of biological processes.
information processing systems with the final goal of a To overcome these drawbacks, we extend the term
better understanding of nature using computer sciencerewriting framework to handle more general structures
notions! We make a distinction between this goal and using the notions ofopological collection andtrans-
the goals ohioinformatics aimed to the development formation presented inSection 4 The exposition is
of software tools to support and help the biologists in restricted to the notions necessary to understand the
the analysis and comprehension of biological systems. examples irSection 5We give four examples of bio-
A good example of the latter is the development of data logical processes modeled using M8S experimen-
bases supporting the genome projéeinehisa, 2000) tal programming language: the Eden’s model of tumor
The models developed in the framework of Compu- growth, the action of restriction enzymes, a spatially
tational Biology are largely centered around the notion distributed signaling network and a reaction-diffusion
of dynamical systems (DS) andTyson et al. (2000)  process in an expanding media modeling the growth
pinpoints the theme: of a bacteria. We conclude by a summary and a com-
parison with related approaches.
gene expression> systemdynamics
— cell physiology ) ) )
2. Dynamical systems with a dynamical structure
It is becoming more and more important as we try to
integrate the exponential growth in knowledge of all A dynamical system corresponds to a phenomenon
the cells components in a true understanding of the described by a state that evolves in time. The system
cell. If this formalization from biology to dynamical is characterized by “observables”, called tlagiables
of the system, which are linked by some relations. The
- _ value of the variables evolves in time. A variable can
The t_ransfe_r of concepts and tools between biology and com- take a scalar value (like a real number) or be of a more
puter science is not a one-way procéBaton, 1994) Often, a . L .
computing model inspired initially by a biological phenomena, compl_ex type Il_ke the_ variation of a S|mpler value Qn
leads to a formalism used later in simulation of some (other) bi- @ Spatial domain (for instance, the local concentration
ological processes. of a molecule in each point of a lumen). The set of the
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values of the variables that describe the system consti-in which not only the values of state variables, but also
tutes itsstate. The sequence of state changes is called theset of state variableand/or the evolution function,
the trajectory of the system. Intuitively, a dynamical change over time. We call these systedysamical
system is a formal way to describe how a point (the systems with a dynamic structure following Giavitto
state of the system) moves in tiphase space (the and Michel (2001h)or (DS)? in short. An obvious
space of all possible states of the system). It gives a example is given by the development of an embryo.
rule, theevolution function, telling us where the point Initially, the state of the system is described solely by
should go next from its current location. There exist the chemical stateg of the egg (no matter how com-
several formalisms used to describe a DS: ordinary plex can be this chemical state). After several divi-
differential equations (ODE), partial differential equa- sions, the state of the embryo is given not only by the
tions (PDE), iterated equations (finite set of coupled chemical state; of the cells, but also by their spatial
difference equations), cellular automata, etc., follow- arrangemert.The number of cells, their spatial orga-
ing the discrete or continuous nature of the time, the nization and their interactions evolve constantly in the
space and the value used in the modeling. course of the development and is not handled by one
Many biological systems are structured, which fixed structure©. On the contrary, the phase space
means that they can be decomposed into parts corre-O(r) used to characterize the structure of the state of
sponding to some variables € O; (for convenience  the system at timemust be computed jointly with the
we useo; to denote a part of the whole system and its running state of the system. In this kind of situation,
corresponding state). Thespmetimes, the complete  the dynamic of the whole system is often specified as
states of the system is simply the product of these several local competing transformations occurring in
variables:s = (01,...,0,) € O = 01 x --- x O,. an organized set of simpler entities. The organization
The evolution of the state of the whole system is of this set is subject to possible drastic changes in the
then viewed as the result of the changes of the state course of time and is a plain part of the state of the DS.
of its parts. In this case, the evolution functibnof
an observable; depends only on a limited subset of
the state variables of the whole systespis + 6¢) =
hi(oiy. s 0iy)s wheresdr denotes an infinitesimal or
a discrete increase in time following the continuous or
discrete nature of the considered evolution apde-
notes the evolution function of th#h component. In
this case, we say that the DS exhibitatic structure:

3. Multiset rewriting and the modeling
of biological DS

In view of this last description of &DS)?, it is
tempting to define the evolution of the system as a
set of rules specifying the interactions of a payt
with another parb; of the system. This schema is
(1) the state of the system is statically described as areminiscent of the description of a chemical reaction.

fixed set of variables (this set does not change in  Consider, for example, a simple chemical system of

time); two molecule typesA and B. The reactions between
(2) the relationships between variables, specified as these two molecule types are given by three rdles:

the functiong:; betweerv; and the arguments .,
are also fixed and do not change in time. ' AtA—> A+ A+B, A+B—~ A+ B+B,

B+B— B+ B+ A
Moreover, we say that the;; are thelogical neigh- + th

bors of o; (because very often, two parts of a system ———— _ _

. . . S The neighborhood of each cell is of paramount importance to
mtera_Ct When they ar_e phy3|cal_ne|ghbors). This Sl_tu' evolution of the system because of the interplay between the shape
ation is simple and arises often in elementary physics. of the system and the state of the cells. The shape of the system
For example, a falling stone is statically described by has an impact on the diffusion of the chemical signals and hence
a position and a velocity and this set of variables does on the cells state. Reciprocally, the state of each cell determines
not change (even if the value of the position and the the evolution of the shape of the whole system.

val f the velocity chan in th r £ tim 3 These reaction rules correspond to deterministic second-order
alue ot the velocity change € course o e)' catalytic reactions: a collision of two molecules will catalyze

As pointed out byGiavitto et al. (2002)many bio- the formation of a specific third molecule and the two colliding
logical systems can be viewed as a dynamical systemmolecules are regarded as catalysts.
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The “+” sign that appears in the left- and right-hand
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This modeling paradigm, based on term rewriting,

sides of the rules means that the linked molecules can be extended from this chemical example to other
are present together in the chemical reactor. Thus, thesituations and its biological relevance is advocated

left-hand side (LHS)A + B of second rule can also
be equivalently writtenB + A. From a mathemati-
cal point of view, it is very convenient to consider

in several recent pape(gisher et al., 2000; Manca,
2001; Eker et al., 2002a,b)lo paraphrase Fisher
et al. (2000) “A biological system is represented as

+ as a formal commutative—associative operator used a term of the formo; + 02 + - -+ + 0, where each
to construcmultisets: unlike a set, an element can oc- term o; represents either an entity of the system or
cur several times in a multiset and a multiset with the a message addressed to other entities, i.e. signal,
six elementsA, C, A, D, B, C is simply a formal sum command, information, action, etc. The simulation of
o=A+4+C+ A+ D+ B+ C (in this example, the  the physical evolution of the biosystem is achieved
elementsA andC occur twice, and elemenisand D through term rewriting, where the LHS of a rule typ-
occur only one time in the multise). The associativ-  ically matches an entity and a message addressed to
ity and the commutativity properties of tHe operator it, and where the right-hand side (RHS) specifies the
are simply the expression that the elements of this sum entity’s updated state, and possibly other messages
can be rearranged in any order. To simulate the chem-addressed to other entities. The operatahat joins
ical reaction, we simply interpret each rule as a trans- entities and messages is associative and commutative,
formation of the multiset. For instance, the first rule achieving an ‘associative commutative soup’, where
specifies that two moleculestaken from the multiset  entities swim around looking for messages addressed
have to be replaced by the three moleculésA and to them.”
B. If this reaction occurs im at a given time step, A severe shortcoming of this view is thetal lack
theno is transformed i +C+A+D+B+C+ B of (spatial) organization. For example, the cell can-
(one additionaB is produced at step). Because sev-  not be thought as a chemical reactor where the chem-
eral reactions involving different elements occurring icals are homogeneously diluted. On the contrary, the
in the same time step are possible, the strategy is to cell exhibit a highly organized spatial structure, with
apply in parallel as many transformations as possible vesicles, cargos, membranes, nucleus, hyperstructures
to the multiset. Such transformations are iterated to (Amar et al., 2003) etc. And the notion of organi-
model the evolution of the state of the reactor. zation (both spatial organization or more generally
In this approach, the chemical reaction rules are in- the functional organization) is also fundamental at the
terpreted as rules for rewriting the formal sum. Ab- lower level of pathways and at the higher level of tis-
stractly, we can say that a chemical reaction can be sues, organs and individuals. The need to represent
modeled as amultiset rewriting system. This com- more structured organizations than multiset of entities
putational model focuses on the chemical system at and messages is stressed and motivates several exten-
the level of single molecules and is sometimes called sions of rewriting; see for one example amongst oth-
individual-based modeling: every molecule is explic-  ers(Brown and Heyworth, 2000However, a general
itly stored and every single collision is explicitly per- drawback with these approaches is that they work with
formed. At this level of details, the chemical system a fixed organization of entities, and it is not obvious
is a (DS)?2 because the components of the systems at all how to extend this to systems where the organi-
are molecules and their number varies in time (there zation and number of entities and their relationships
is one variable for each molecule, to record the pres- are constantly changing.
ence of this molecule in the reactor). Obviously, an-  This is precisely one of the main motivation of the
other formalization is possible: at the coarser level of MGS research project. One of our goal is to validate
the chemical concentrations, the chemical system canthe contribution of dopological approach to the spec-
be described as a DS with a static structure (with one ification and simulation of the dynamical organization
variable for the concentration of each molecule type). of biosystems. By superseding the rewriting of terms
This last approach is certainly computationally less
expensive, but does not give access to the same level
of details as the former. 4 We have adapted the terminology.
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by the more general notion of transformation of topo-
logical collections, we hope to go beyond the limita-
tions of the preceding formalisms.

4. Topological collections and their
transformations

The MSS project is aimed at the representation and
manipulation of transformations of entities structured
by abstract topologies (Giavitto and Michel, 2002)

A set of entities organized by an abstract topology
is called atopological collection. Topological means
here that each collection type defines a neighbor-
hood relation inducing a notion &b-collection. A
sub-collectionB of a collectionA is a subset of con-
nected elements od and inheriting its organization
from A. The global transformation of a topological
collection C consists in the parallel application of
a set oflocal transformations, seeFigs. 1 and 2A
local transformation is specified by a rewriting rule
r that specifies the replacement of a sub-collection
by another one. The application of a rewriting rule
B = f(B,...)to acollectionA:

(1) selects a sub-collectioR of A whose elements
match thepattern g,

(2) computes a new collectioi as a functionf of
B and its neighbors,

(3) and specifies the insertion 6fin place of B into
A.

* y=fix’) A
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This framework embeds the rewriting of multisets
in the following way. In a multiset, an element is
susceptible to interact with any other element, so the
abstract topology of a multiset is the topology of a
complete connected graph: the neighbors of an ele-
ment are all the other elements in the multiset. Then,
a patterng can select an arbitrary sub-multiset and a
multiset rewriting rule is simply a local transformation
in this topology.

The MES experimental programming language im-
plements the idea of topological collections and their
transformations into the framework of a simple dy-
namically typed functional language. Collections are
just new kinds of values and transformations are func-
tions acting on collections and defined by a specific
syntax using rules. Functions and transformations are
first-class values and can be passed as arguments or
returned as the result of an application.

4.1. Collection types

There are several predefined collection types in
MGS, and also several means to construct new col-
lection types. The collection types can rangeMas
from totally unstructured with sets and multisets to
more structured with records, sequences and GBFs
(cf. Giavitto and Michel, 2001a, 20020ther topolo-
gies are currently under development and include
Delaunay graphs and abstract simplicial complexes
for the representation of arbitrary-dimensional

Fig. 1. A local transformation of a topological collection. Collectianis of some kind (set, sequence, array, cyclic grid, tree, term, etc.).
A rule T specifies that a sub-collectia® of A has to be substituted by a collectiGhcomputed fromB. The RHS of the rule is computed
from the sub-collection matched by the LHSand its possible neighbors in the collectionA.

!

b

T(1T(A))

Fig. 2. Transformation and iteration of a transformation. A global transformatiena set of local transformations applied in parallel and
synchronously to make one evolution step. The local transformations do not interact together. A transformation is then iterated to build
the successive states of the DS.
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neighborhoods. This paper focuses on two families of
collection typesmonoidal collection and GBF.

For any collection typd, the corresponding empty
collection is written ()T. The name of a collection

type is also a predicate used to test if a value has

this type:T(v) returns true only ifv has typeT. Each
collection type can be subtyped. The type declara-
tion col I ecti onU = T introduces a new collec-
tion type U which is a subtype of. The new typeJ
shares the same topology &sHowever, a value of
type U can be distinguished from a value of type
using the predicat® (i.e. the subtyping relation im-
plies thatU(u) = T(u), for any valueu, but not the
reverse). Elements in a collection can be of any type,
including collections, thus achievirgpmplex objects

in the sense oBuneman et al. (1995)

4.2. Monoidal collections

J-L. Giavitto, O. Michel / BioSystems 70 (2003) 149-163

So, the expressiof, 141, 2+1 evaluates to the se-
guences too.

4.3. GBFs

The acronym GBF stands for “group-based data
fields”. A GBF is an extension of the notion of ar-
ray, where the elements are indexed by the elements
of a group, called thehape of the GBF (seéiavitto
and Michel, 2001p A GBF value associates values to
some indices of a shape. This kind of collection can be
used to describe uniform and regular topologies like:
n-ary treesp-dimensional grids, circular and screwed
grids, archimedian tiling of the plane, etc. For exam-
ple, the following type declaration:

gbf Grid2 =< nort h,east >

introduces a new two-dimensional shape caliei2,
corresponding to the Von Neuman neighborhood in a

Set, multiset (or bag) and sequences are membersg|gssical 2D mesh (a cell above, below, left or right—

of the monoidal collection family. As a matter of fact,

not diagonal). The two namewr t h andeast re-

a sequence (respectively a multiset) (respectively a fer to the directions that can be followed to reach the

set) of values taken ifv can be seen as an element
of the free monoidv* (respectively the commutative
monoid) (respectively the idempotent and commuta-
tive monoid). The join operation iif* is written by a
comma “,” and induces the neighborhood of each el-
ement: letE be a monoidal collection, then elements
x andy in E are neighbors if£ = u, x, y, v for some

u andv. This definition induces the following topolo-
gies. For sets (typset ), each element in the set is

neighbor of any other element (because the commu-
tativity, the term describing a set can be reordered ar-

bitrarily). For multiset (typebag), each element is

neighbors of an element. These directions aregtme
erators of the underlying group structure. The list of
the generators can be completed by giving equations
that constraint the displacement in the shape. For in-
stance:

gbf Hexagon= < east ,nort h,nort heast;
east +north =northeast >
defines an hexagonal lattice that tiles the plane, see

Fig. 3 Each cell has six neighbors (following the three
generators and their inverses). The equatast +

also neighbor of any other (however, the elements arenort h = nort heast specifies that a move follow-
not required to be distinct as in a set). For sequenceing nor t heast is the same as a move ¢éast fol-

(type seq), the topology is the expected one: an el-

ement which is not at the end, has one neighbor on

the right.

The comma operator is overloaded\BS and can
be used to build any monoidal collection (the type
of the arguments disambiguates the collection built).
So, the expressiott, 1+1, 2+1, ():set builds the
set with the three elements 1, 2 and 3, while the ex-
pressionl, 1+1, 241, ():seq makes a sequence

with the same three elements. The comma operator is

overloaded such that if and y are not monoidal col-
lections, therx, y builds a sequence of two elements.

lowed by a move taort h.

Formally, a GBF value is a partial function from the
shape (a group specified by a finite presentation) to a
set of values. Even if the underlying shape is infinite,
the domain of a GBF value is finite. The topology
of the GBF is the topology of the underlying Cayley
graph(Magnus et al., 1976)

4.4. Sub-collection patterns

A pattern 8 that appears in the LHS of a rule is
an expression used to select a sub-collection to be
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Fig. 3. Eden’s model on a grid and on an hexagonal mesh (initial state, and states after the 3 and the 7 time steps). Exactly the same

MGS transformation is used for both cases. These shapes correspond to a Cayley gfaphd®fand Hexagon with the following

conventions: a vertex is represented as a face and two neighbors in the Cayley graph share an edge in this representation. An empty cell
has an undefined value. Only a part of the infinite domain is figured.

replaced. Several operators are available; we will re-
view here only few constructs.

e literal: a literal value matches an element with the
same value. For example, 123 matches an element
in a GBF with value 123.

e variable: a pattern variable matches exactly one
element with a well defined value. The variakle
can then occur elsewhere in the rest of the rule and
denotes the value of the matched element. The iden-
tifier of a pattern variable can be used only once in
a pattern.

e record pattern: the brackets. . . } are used to match
one element whose value is a recoMs6 record
are similar to Pascal’s record @rs structure). The
content of the brackets can be used to match records
with or without a specific field (eventually con-
strained to a given field type or field value). For in-
stance{a, b : string,c= 3,7 d}is a pattern that
matches a record with fields 5 andc¢ but no field
d. In addition, the type of field must bestri ng
and the value of the field must be the integer 3.

e empty element: the symbol<undef > matches an

some restriction: it can occur only as the neighbor
of a defined element.

e neighbor: the patterrb, p matches a sub-collection

composed of an element matchedtbgeighbor of
a sub-collection matched by.

e guard: p/exp matches a sub-collection matched by

p if boolean expressioexp evaluates to true. For
instancey, y/y > x matches two neighbor elements
x andy such thaty is greater than.

e repetition: p+ matches a sub-collection made of a

non-empty repetition of sub-collections matched by
p. If p is a pattern variable, then its value refers
the sequence of matched elements and not to one
of the individual values. For exampl&;+ matches

a non-empty sub-collection made only 3/&.

5. Examples

The purpose of this section is to show the capacity

of MGS to specify in a concise way several well-known
examples corresponding to several biological situa-

element with an undefined value, that is, an element tions and various computational mode®ection 5.1
whose position does not belong to the support of relies on cellular automata to model a growth process.
the GBF. The use of this basic filter is subject to The two next examplesSgctions 5.2 and 5 3ise the
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P systems approach to model biochemical reactions. have to manipulate a multiset of sequences. The fol-
Section 5.3introduces nested multisets to handle the lowing declarations:
spatial organization of the compartments within the
cell. The last example iBection 5.4wvas initially pro- col | ecti on DNA = seq;;
posed to model the growth of a bacterfmabaena col I ecti on TUBE = bag:; ;
catenula, based on a reaction—diffusion taking place
in an expanding media and using the formalism of L introduce a subtype calldoNA of seq and a subtype
systems. We hope that these examples taken in sey-Of multisets calledrUBE.
eral fields, will convince the reader of the effectivity ~ A restriction enzyme is represented as a rule that
of the MGS approach for biological modeling (see also splits the DNA strings; for instance a rule like:
Section 6.2

EcoRl = X4, (“"G' A" A" T *T" " C"),
5.1. The Eden model Y+ =X“G ) : (“A""A",
We start with a simple model of growth sometimes Ty O TUBE
called the Eden model (specifically, a type B Eden
model; Eden, 1958 The model has been used since
the 1960s as a model for such things as tumor growth

filtri]dngrc(ij\i/\r/:h r(:]f (t:ltlers. In thlis anOdlfl’ 3V2Dt8?fv(\:/(ietrl18 Fr)]?r' DNA string before the recognition sequence. ldenti-
one emply oroccupied cefis. Ve sta on’y cally, Y names the part of the string after the recogni-

Z:i&ciupnlgd r::tiljlr :\r:aszgcfézpésgiﬁglsgréeslIso\;]vtljt'?w tion sequence. The RHS of the rule constructidéJBE
pty neig ' ponai gcontaining the two resultinBNA subsequences (the ::

errjrp;:y E?j” "15 mad(ra occiiup:e(:. is simolv described operator indicates the “consing” of an element at the
€ Eden's aggregation process IS Simply described ., 4 of a collection).

as the following transformatioiden with only one We need an additional rul¥oi d for specifying

rule R that aDNA string without a recognition sequence must
trans Eden = {R=x, < undef >= x,x;} be inserted wrapped in AUBE. The two rules are

. . collected into one transformation:
We assume that some arbitrary value is used to repre- o
t r ans Restriction = {

sent an occupied cell, other cells are simply left unde-

fined (i.e. without associated value). Then the mle EcoRl =...;

can be read: an occupied elemerdand an undefined Voi d =X+ = X1 () : TUBE,

neighbor are transformed into two occupied elements.

The transformation Eden defines a function that can The rule specification order in a transformation is
then be applied to compute the evolution of some ini- taken into account, and so, the riei d is used only
tial state. One of the advantages of MeS approach,  if rule EcoRI cannot be applied. In this way, the re-
is that this transformation can apply indifferently on  sult of applying the transformatioRestriction on a
grid or hexagonal lattices, any other collectiontype ~ DNA string is systematically a sequence with only one

stands for theEcoRI restriction enzyme with recog-
nition sequences"AATTC (the point of cleavage is
marked with*). The X+ pattern filters the part of the

(seeFig. 3. element which is &UBE.
The transformatioriRestriction can then be applied
5.2. Restriction enzymes to theDNA strings floating in & UBE using the simple
transformation:

This example shows the ability to nest different
topologies to achieve the modeling of a biological trans React = {dna = hd(Restriction(dna))}
structure. We want to represent the action of a set of
restriction enzymes on the DNA. The DNA structure The operatohd gives the head of the result of the
is simplified as a sequence of letteksC, T and G transformatiorRestriction, i.e. aTUBE containing one
The DNA strings are collected in a multiset. Thus we or two DNA strings. These elements are then merged
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with the content of the enclosinfUBE. The transfor- signaling network that consists of cCAMP and calcium
mation can be iterated until a fixpoint is reached: signaling. Seéig. 4for a more complete description.

The corresponding topological structure mimics the
spatial organization of the cell using nested multisets,
seeFig. 5 The MSS declarations:

React[f i xpoi nt ]((
“crecrecGL A,
CALETNET L C A,
“A".() : DNA),
¢TET G A A,
fTeT HC GG

col | ecti onVolume = bag;
col | ecti on Membrane = bag;
col | ecti on Environment = Volume;

© G0 DNAY, col | ecti on Plasma = Membrane;
() TUBE));; col | ect i on Cytosol = Volume;
returns a tube with four DNA strings: col I ecti on EndoRetic = Membrane;
¢ TLETE G, () - DNA), are used to introduce some new kinds of multi-
*CrCrCLG L () 1 DNA), sets (thebag keyword). These kinds are used here
CAVCAETET R C mainly to describe the hierarchy of localization and
CATTAT () DNA), compartments and are used to discriminate between
CAVCAET T C multisets.
“GLGLY G L () DNA), The main part of the correspondimdsS program
() : TUBE consists in defining the ontology of this application do-
main: there exist several molecules, each has a name;
5.3. Alocalized signaling network some exists in two states: active or inactive; some are

characterized as receptors; etc. Such ontology is de-

We want to sketch the specificationMsS of a spa- scribed inMGS using subtyping. These subtypes are
tially distributed biochemical network model proposed then used in pattern-matching to select entities with
by Bugrim (2000) The example focuses on a small or without some properties. For example, a molecule

r m ™
N —] AC
Rec /®/J—‘\/> RIB
/CD ATP cAMP

Agonist
G—@ c

© +

cytosol

plasma membrane

nucleus or ER

\ w

Fig. 4. cAMP and calcium signaling pathways. This schema is reprinted Bognim (2000)and the description of the involved pathways

is largely inspired by this reference. The different components of the two pathways are localized at various places within the cell. The
first steps of the cAMP pathway occur at the plasma membrane, starting with the activation of adrenergic receptors. Then, the cAMP
molecules bind to a regulatory sub-unit of the protein kinase A, with the effect of dissociating a catalytic sub-unit C. The localization of
PKA depends on a family of anchoring proteins AKAPs that target this kinase to different compartments. In this example, two localizations
are considered: the plasma membrane and an internal compartment (e.g. nucleus or endoplasmic reticulum). The calcium pathway starts
by the activation of a channel in the plasma membrane. The fraction of PhK associated to the internal compartment is the target of both
pathways. A possible inhibitor | of PKA is also considered.
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Fig. 5. The spatial organization of the pathway specified as a nest of multisets. The reaction, diffusion and transport processes describec
in Fig. 4 are modeled as multiset transformations taking place in a nest of multisets. This is reminiscent of the P system (faadigm

et al., 2001) This figure is automatically generated by thieS simulation program. Each box corresponds to a multiset: the external one
represents the universe and contains three elements: the agonist molecule pictured as a thin cone, the calcium (the thick cone) and the plasn
membrane which is represented as a multiset and figured by a translucid box. The various molecules anchored in the plasma membrane
are elements of the corresponding multiset and are figured as various solid volumes. The ellipsoidal container represents the cytosol anc
the solid sphere in the middle of it, the nucleus. Such figure can be generated at each simulation step to visualize the trajectory of the DS.

is described as a record having or not some fields. mations is triggered by a rule of the sole transforma-
Record type may specify the presence or the absencetion of the second class. This transformation summa-
of a field, or the value of a specific field (like in record rizes all the rules corresponding to the description of

pattern). For instance: the biochemistry (there are about 10 reactions in this
r ecor d Molecule = {nane}; pathway):

r ecor d Activity = {act i vati on}; t r ans Biochemistry = {

recor d Activated = {acti vati on =true}; RL = a : ActiveAgonigt, p : Plasma

recor d Inactivated = {act i vat i on = f al se}; = a+{activation=fal se},

recor d ATP = Mol ecul e + {name =" at p" }; ActivateReceptor (p);

define five record types. The record type declaration }
is introduced by the keywordecor d. Molecule is . ) )
the type of any record having at least a field named For example, rulRl specifies that an active agonist

nane. Activated is the type of a record having at least and a plasma membrane interact to inactivate the ag-
a field namedact i vati on and with valuet r ue. onist and to transform the plasma with transforma-

This type is a subtype dictivity which only requires tion ActivateReceptor (this transformation turns on all
the presence of the fielitt i vat i on. The type ATP the activation fields of the receptors anchored in the
corresponds to a molecule nantedt p" . plasma membrane). o

Three kinds of transformations are used to define the _ There is also only one transformation in the last
processes of the Bugrim’s model. The first class corre- class of transformations. It is used to thread the bio-
sponds to some ancillary transformations. For example Chemistry rules amongst the nested multisets:
t r ans ActivateReceptor f un Run(x) = Thread(Biochemistry (x));
trans Thread = {

p : Membrane = Run(p);
is a rule that updates tar ue the fieldact i vat i on ¢ : Volume = Run(c);
of an entityr of type Receptor. This kind of transfor- }

= {r : Receptor — r + {activati on=true}}
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The transformatiorhread applies the functiorRun

to each entity of typdviembrane or Volume found in
the collection argument. The functidRun consists

in running the biochemistry transformation and then
iterating the threading.

The completeMGS program is approximatively 150
lines long, including the building of the initial system
state. It describes 40 states of molecules and uses
auxiliary transformations to define 10 chemical inter-
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specialized cells called heterocysts differentiate from
the photosynthetic vegetative cells at regular intervals
along each filament. Heterocysts are anaerobic fac-
tories for nitrogen fixation; in them, the nitrogenase
enzyme complex is synthesized and the components
of the oxygen-evolving photosystem Il are turned off.
Plant signals exert both positive and negative regu-
Hatory control on heterocyst differentiatiofVilcox

et al. (1973)have proposed an activator—inhibitor

actions. Several transformations are also used to pro-model of heterocyst differentiation where the (high)
duce the description of the DS state (the description is concentration of the activator triggers the heterocysts
generated in a 3D scene description language which isdifferentiation. The production of the activator is an
then visualized by an ad-hoc front-end). The complete autocatalytic reaction and also catalyzes the produc-

code can be found from tHdGS web page.
5.4. A model of growth for Anabaena catenula

The cyanobacteriunAnabaena grows in filaments
of 100 cells or more. When starved for nitrogen,

{ a, h, x, p, type
{ a, h, x, p, type

record C
record D

trans T = {

tion of the inhibitor. The inhibitor is an antagonist sub-
stance that repress the activity of the activator when its
concentration is high enough. The diffusion of the in-
hibitor to the neighboring cells prevents neighbors to
become also heterocysts and explains why heterocysts
appear in a regular spaced pattern in the filament.

ucn}; ;
“D"};;

plt = e/ (Cle) & (e.x >= 1m) & (e.p == Right))
= { type ="C", a = e.a, h = ¢.h, x = e.x * longer, p = Left},
{ type ="C", a = e.a, h = e.h, x = e.x * shorter, p = Right};
p2 = ¢ / (C(e) & (e.x >= 1m) & (e.p == Left))
= { type ="C", a =e.a, h = e.h, x = e.x * shorter, p = Left},
{ type ="C", a = e.a, h = e.h, x = e.x * longer, p = Right};
p3 =e / (C(e) & C(left e) & C(right e))

p4
=
p5
=
p6

}is

let al = (left e¢).a and ar =

and hl = (left e).h and hr

and h = e.h and a = e.a and x

in { type = "D",
a=a+ ...
h=h+ };

e/ (D(e) & (e.a >= thr) & (e.x < shorter*gr))

type ="C", a = e.a, h = e.h, x = e.x, p = e.p};

e/ (D(e) & (e.a < thr) | (e.x >= shorter*gr))

type ="C", a = e.a/gr, h = e.h/gr, x = e.x*gr, p = e.p};

e/ C(e)

{ type = "D", a

(right €).a
(right e).h
=e.x and p = e.p

]

X=Xx,p=PpP
increase in a ...,
increase in h ...

A=~

e.h, x = e.x, p = e.p};

Fig. 6. The MGS program corresponding to the heterocyst differentiaticknabaena. SeeSection 5.4for further explanations.
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A computer simulation of this proce@dammel and In the previous code, the state of a cell is implemented
Prusinkiewicz, 1996yvas originally developed in the as arecord with field for the concentration of the ac-
field of L system and shows the use jpdrametric tivator, h is the concentration of the inhibitqp, is the
L systems (Prusinkiewicz and Hanan, 1990; Hanan, cell polarity,x is the length of the cells andype in-
1992)for the modeling of a fundamental mechanism: a dicates if the cell is an heterocystiS)(or a vegetative
morphogenesis driven by a reaction—diffusion process (D) cell. The guard in rulg@l selects right-polarized
taking place in a growing media. The corresponding cells with a length greater than some leVeh Note
parametric L systems is easily translated inth@s in rule p3 the way the neighboring elements are ac-
program where each rule corresponds to a production cessed using thieef t andri ght displacement op-
of the L system given irGiavitto and Michel (2002) erators. Rulgpl andp2 specify a cell division (two
There is nothing new in this translation and the exam- cells are substituted to one). For a more detailed ex-
ple is given mainly to show the ability &¥iGS to ex- planation of the biological processes involved, please
press sophisticated L systems. The program is listed in refer toHammel and Prusinkiewicz (1996)

Fig. 6. The output of the program is plotted kig. 7.

6. Summary and related work
6.1. Summary

In this paper we advocate the development of new
programming languages dedicated to the modeling and
simulation of dynamical systems with a dynamic struc-
ture, a class of systems at the core of the computa-
tional biology applications.

One of the main difficulties raised by this kind of
systems, is the specification of the dynamic organiza-
tion and interaction of the system components. To face
this problem, we propose an approach founded on the
notion of rewriting. However, to handle the complex-
ity of the spatial and functional organization of biolog-
ical systems, we extend this approach from the usual
multiset rewriting formalism (widely used in artificial
chemistry, se®ittrich, 2000 to the more general no-
tion of transformation of topological collections.

The proposed approach is exemplified with four
examples of biological processes, at three different
levels: biomolecules (with the example of restriction
enzymes), biological pathways (with a spatially dis-
tributed biochemical network) and tissues (with an
Eden’s model and the growth @habaena catenula).

Fig. 7. Heterocysts differentiation iAnabaena filament. In the All examples run on an experimental platform that
upper graphic, the time goes from upper-left to lower-right corner. €an be downloaded from thésS home page at URL:
Each slice (lower graphic) corresponds to the state of a grow- http://mgs.lami.univ-evry.fr

ing filament and represent a sequence of cells. The height of a

cell represent the activator concentration. Cells are pictured in red 6.2. Comparison with existing formalisms

when the activator is greater than a given level triggering differen-

tiation. Gray cells are vegetative ones. This type of visualization, L. . .

called “space-time extrusion” has been developpedammel and Itis interesting to compare transformations on topo-

Prusinkiewicz (1996) logical collections with some existing formalisms:
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GAMMA and the CHAM, P systems, L systems and as it is usually the case for CA. For example, the Eden
cellular automata. model ofSection 5.1cannot be coded by only one rule
Considering multisets, topological transformations in a cellular automata if one wants to avoid that two
of multisets mimic multiset rewriting introduced distinct occupied cells preempt the same unoccupied
by the GAMMA parallel programming language cell.
(Banatre and Metayer, 198@nd later formalized by To summarizeMGS proposes actually a unified view
the CHAM formalism(Berry and Boudol, 1990)As on these computational mechanisms initially inspired
mentioned above, a multiset is a too weak structure by biological processes (CHAM, P systems, L systems
to cope with the complex organization of biological and cellular automata). However, we do not claim that
systems. we have achieved a useful theoretical framework en-
P systems, introduced BBaun (2001)stress the no-  compassing these formalisms. We advocate that few
tion of membrane structure and are a possible answernotions and a single syntax can be consistently used to
to the previous drawback. Some entities are placed in allow the merging of these formalisms for simulation
the regions defined by the membranes and evolve fol- purposes. The key notions involved are:
lowing various transformations: an entity can evolve
into another entity, can pass trough a membrane or
dissolve its enclosing membrane. P systems, in their
basic definition, are able to represent the containment
relationships of biological entities; however, $@un
et al. (2001)or an extension handling more sophisti-
cated relationships. In contrast with the P system ap-
proach, the transformation iMGS are not implicitly
linked to a multiset but must be threaded from the
top-level structure (see the transformatitiread in
Section 5.3 We are working on incorporating such
feature inMGS, leading to a more agent-based pro- The use of a rewriting mechanism as a foundation
gramming style. for biosystems modeling has already been defended in
Transformation of sequences corresponds to the Fisher et al. (2000)in MGS, the use of a general ab-
L system formalism. This formalism was introduced stract neighborhood operator (the commas that appear
by Lindenmayer (1968for simulating the develop- inthe LHS of the rules of a transformation), makes the
ment of multicellular organisms. Related to abstract specification of a transformation largely independent
automata and formal languages, this formalism has of the precise neighborhood relationship involved by
been widely used for the modeling of plants. An L the collection. This feature allows for instaneectly
system can be roughly described as a grammar wherethe same handling for multisets, sequences and grids,
the productions are applied in parallel, in a nondeter- when the evolution rules aisotropic (i.e. when there
ministic manner. It can be also viewed from a string is no need to distinguish between neighbors solely by
rewriting perspective and then topological transfor- their spatial position, see the example$Section 5.
mations on sequences correspond to the case of paraRelying on a general abstract neighborhood operator
metric context-sensitive L systen{Siavitto et al., also implies that the evolution rules of the biosystem
2002) arelocal, which is often the case considering the na-
At last, transformations on GBFs have to be com- ture of the physical laws involved (cfonti, 1974for
pared with the cellular automata formalism. There the algebraic-topological structure underlying physi-
are several differences. The notion of GBF extends cal theories). In addition, the neighborhood operator
the usual square grid of CA to more general Cayley avoid the need for a global coordinate system: a point
graphs. The value of a cell can be arbitrarily com- which has been stressed as essential for the easy mod-
plex (even another GBF) and is not restricted to take eling of developmental processes in the works of P.
a value in a finite set. Moreover, the pattern in a rule Prusinkiewicz (see, e.@rusinkiewicz, 1999; Fisher
may match an arbitrary domain and not only one cell et al., 2000.

e a unified view on data structures using an abstract
neighborhood relationship: thepological collec-
tions;

e a general device to compute new topological col-
lections from a given topological collection, based
on an abstract rewriting mechanism: ttransfor-
mation of a topological collection;

o the representation of the state of a biosystem by a
topological collection and the specification of the
evolution function as a transformation.
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