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1 Intro duction

Biochemical processescarried out by networks of proteins, underly the ma-
jor functions of living cells ([8],[61]). Although sudc systemsare the focus of
intensive experimental researd, the mountains of knowledgeabout the func-
tion, activity, and interaction of molecular systemsin cellsremain fragmented.
While computational methods are key to addressingthis challenge ([8],[61]),
they require the adoption of a meaningful mathematical abstraction [51]. The
researt of biomolecular systemshasyet to identify and adopt suc a unifying
abstraction.

An abstraction - a mapping from a real-world domain to a mathematical
domain - highlights some essetial properties while ignoring other, compli-
cating, ones.A good scierti ¢ abstraction has four properties: it is relevant
capturing an essetial property of the phenomenon;computable bringing to
bear computational knowledge about the mathematical represeration; un-
derstandable o ering a conceptualframework for thinking about the scierti ¢
domain; and extensible allowing the capture of additional real properties in
the samemathematical framework.

For a good abstraction for biomolecular processego be relevant it should
capture two essetial properties of these systemsin one unifying view: their
molecular organization and their dynamic behavior. A computable abstrac-
tion will then allow both the simulation of this dynamic behavior, and the
qualitativ e and quartitativ e reasoningon these systems' properties. An un-
derstandableabstraction will correspond well to the informal conceptsand
ideas of molecular biology, while opening up new computational possibilities
for understanding molecular systems, by e.g. suggestingformal ways to as-
cribe biomolecular function to a biological system, or by suggestingobjective
measuresfor behavioral similarities betweensystems.Finally, the desired ab-
straction should be extensible scalingto higher levelsof organization, in which
molecular systemsplay a key, albeit not exclusive, role.
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In this work we aim to adopt the much-neededabstraction for biomolecular
systemsfrom computer science We investigatethe \molecule-as-computation”
abstraction, in which a system of interacting molecular ertities is described
and modeled by a systemof interacting computational ertities. Basedon this
abstraction, we adapt processalgebrasfor the represenation and simulation
of biomolecular systems,including regulatory, metabolic and signaling path-
ways, as well as multicellular processes.

1.1 Previous work

Biochemical systemsare traditionally studied using \dynamical systemsthe-
ory". In recert years,additional approachesfrom computer sciencehave been
adapted for the represenation of pathways. The various approachescan be
roughly divided into four groups.

Chemical kinetic models. Dynamical systemstheory views biomolecu-
lar systemsbasedon the \cell-as-collection-of-molecular-species" abstrac-
tion. Such models describe di erent molecular systemsfrom a pure bio-
chemical perspective (e.qg. [3], [5], [7], [34], [39], [37], [56], [71], [57]). This
well-developed approach hasse\eral advantages:it is clearwell understood,
and extremely powerful, with an extensive theoretical badkground, and a
variety of methodologiesand tools. Howewer, it has beenconvincingly ar-
guedthat this approad, adopted from the physical science,is lacking in
relevane and understandability, when handling biolgical systems[16]. Its
main limitation lies in its indirect treatment of biomolecular objects. Bi-
ological systemsare composedof molecular objects, which maintain their
overall identit y, while changing in speci c attributes, sudc astheir chemi-
cal modi cation, activation state, or location. Chemical models, however,
handle the cell as a a monolithic ertity and are mostly insusceptible to
more structured descriptions that are typical to biological thinking [16].
Thus, each modi ed state of a molecule,a molecular complex, machine or
compartment, must be handled as a distinct variable rather than as one
entity with multiple states.

Generalized models of regulation. Boolean network models use a
\molecule-as-logical-expression‘abstraction to describe and simulate gene
regulatory circuits. These models were introduced by Kaufmann and sub-
sequettly applied to various biological systems(e.g.[1], [2], [13], [39], [63],
[54], [55], [64], [65]). These approadches have proven highly useful when
studying generalproperties of large networks, and in handling system for
which only qualitativ e knowledgeis available. However, asa generalmodel
of biomolecular system(rather than a speci ¢ model of regulation) they are
limited in relevane (as they apply only to the regulation aspect of molec-
ular systems), computability (as they have only limited predictive power)
and extensibility (as, apparertly, a Boolean abstraction of activation and
inhibition su ces to handle only speci c typesof molecular systems).



The -calculus as an abstraction for biomolecular systems 3

Functional object-orien ted databases. Pathway databasesare based
on the \molecule-as-object" abstraction. They store information on molec-
ular interactions (e.g. the DIP [70], BIND [6], and INTERA CT [14]
databases) and complete pathways (e.g. the MetaCyc [30], WIT [5§],
KEGG [43], CSNDB [27], aMAZE [66], and TransPath [69] databases).
Each sud databasehas a sophisticated object-oriented schemathat pro-
vides a biologically-appealing hierarchical view of molecular entities. Most
databasesare equipped with querying tools of variable levels of sophistica-
tion, from simple queriesto pathway reconstruction. Functional databases
provide an excellert solution for organizing, manipulating and (sometimes)
visualizing pathway data. However, in most casesthey provide little if any
dynamic capabilities (e.g. simulation) and their querying tools are thus se-
riously limited. Note, that recerly deweloped exchange languages (e.g.
[15], [31], and [42]) attempt to addresstheselimitations by providing means
to integrate models and tools from various sources.Most are XML-based
markup languages(e.g. CellML and SBML). Howewer, the utilit y of the
languagedependson its underlying pathway model, which is still primarily
a kinetic one.

Abstract pro cess languages applied to biomolecular systems.
Approaches based on abstract processlanguagesuse the \molecule-as-
computation" abstraction, and have gained increasing importance during
the past few years. They were rst proposedby Fontana and Buss [16],
who employed the -calculus and linear logic as alternativesto dynamics
systemstheory for studying (bio)chemistry. Notable examplesuse exist-
ing formalisms for concurrert computation (often with a strong graphical
componert) to model real biomolecular systems. The most comprehen-
sive works used Petri nets (e.g. [20], [21], [25], [33], [35], and [36]) for
represertation, simulation and analysis of metabolic pathways. Petri nets
considerably improve over tranditional kinetic model, due to their clarity
and graphical convenience,and augmen it further with specic analytic
tools. However, Petri nets essetial su er from the samerelevane problem
as\dynamics systemstheory": ead molecule(and state or modi cation) is
represeried by an individual place,and there is no immediate use of more
structured represertation of complex molecular entities. Indeed, Petri nets
are mostly (and succesfully) used for the study of metabolic pathways,
handled from a largely chemical perspective. Recert advances[36] try to
overcomethese limitations by combining Petri nets with object oriented
represenation.

Recen studies employed Statecharts ([26], [28], [29]) to build qualitativ e
graphical models primarily for cellular systemswith a molecular compo-
nernt. Unlike typical graph-based visualization of pathways, Statecharts
provide a rich and expressie processlanguagewith clear semartics. Stat-
edarts are highly expressiw, and are proving succesfulin qualitativ ely
represerting complex biological system, from a molecular to an organis-
mic scale.Unfortunately, statecharts are currently a primarily qualitativ e
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framework, and do not handle quantitativ e aspects in a direct and ac-
cessiblemanner. Statecharts are, however, extremely useful in describing
complex multi-cellular scenarios.

Theserecert attempts highlight the promisein using abstract processlan-
guagesfor pathway informatics. Our approach belongsto this last category
and is basedon the \molecule as computation" abstraction, using the compu-
tational framework of the -calculusand its extensions([52], [47]). The poten-
tial useof the -calculusin molecular biology was also discussedby Fontana
[16], and the -calculus was also employed by Ciobanu ([10], [11]) for mod-
eling molecular systems, primarily those related to DNA methylation. Here,
we develop ways to represer and simulate biomolecular processesgescribing
the set of stepstaken to adapt, extend and implemernt this core languageto
conform to the unique requiremerts of biochemical systems, rst on a semi-
quantitativ e and then on a fully quartitativ e, stochastic scale.We presert the
languageintuitiv ely® and provide a multitude of simple and complexexamples
to which it is applied, highlighting its capabilities to represen and study a
variety of molecular systems,including compositional and modular ones.

2 Abstracting biomolecular systems as concurren t
computation: An overview

An abstraction is a mapping from a real-world domain to a mathematical one,
which presenessomeessetial properties of the real-world domain while ig-
noring other properties, consideredsuper uous. Building the abstraction has
three componerts. First, we informally organize our knowledge on the real
world domain, identifying essetial ertities in this domain, their properties
and behavior. Second,we select a mathematical domain which we believe
can be useful for the abstraction of the real world one, motivated by some
informal correspondencebetween those properties or behaviors we deem es-
sertial in the real-world domain and those of the mathematical one. Third,

we designand perform the abstraction, starting by laying down the principles
for the mapping, and then using these pragmatic guidelinesto build specic

represernations of actual real world enrtities .

The real-w orld domain: Essential prop erties of biomolecular
systems

We identify seweral essetial aspects of biomolecular systems(also illustrated
by a toy examplein Figure 1).

% Due to spacelimitation we do not formally presert the -calculus, but rather
usean informal presertation of the language, focusedon biological examples. We
assumethat biological readerswill benet the most from this decision. Readers
from a formal backgroud may skip the informal intro duction (Section 2) if familiar
with the calculus, or are referred to [41] for details.
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Molecular species and populations. Biomolecular systemsare com-
posedof a population of molecules.The molecular population may include
multiple molecular speciesé.g. Figure 1A), with multiple copiesof eat
moleculetype .

Molecular comp osition. Each protein molecule may be composed of
seweral domains{ independent structural and functional parts (Figure 1A).
Each domain may have one or more structural-chemical motifs (Figure
1A).

Complemen tarit y and specic interaction. Dierent domainsspecif-
ically interact through complemeriary motifs. Di eren t motifs in domains
allow for di erent specic interactions (Figure 1A,B).

Interaction outcomes: Reconstitution, modication and change
in molecular state. One or more things can happento moleculesfollow-
ing interaction. First, the molecule(e.g. an enzyme)may be reconstituted
without any change.In other casesthe molecule may be changedfollow-
ing interaction (Figure 1C,D). The changemay be attributed to a specic
chemical modi cation of one of the motifs in the moleculeby its interac-
tion partner, or may be regardedas a more generalchangein the state of
the molecule,such asa changefrom an inactive to an active state. In eath
state the moleculemay potentially participate in di erent interactions.
Alternativ. e interactions. In many casesa molecule may be able to
participate in more than oneinteraction. The alternativ e interactions may
be independert. For example, protein A may interact with protein B on
onedomain and with protein C on another, such that oneinteraction does
not preclude the other. In other casesthe samedomain may have seeral
potential interaction partners, which compete with ead other.

The mathematical domain: Concurren t computation

In the \molecule-as-computation” abstraction, a systemof interacting molecu-
lar ertities is described and modeledby a systemof interacting computational
ertities. Seeral abstract computer languagessud as Petri nets [53], State-
charts [22], concurrent logic programming [59], and the -calculus [41], were
developed for the speci cation and study of such systems.

Wefocusonthe -calculuslanguage. -calculusprogramsspecify networks
of communicating processesCommunication occurs on complemenary chan-
nels, that are identi ed by speci c names(Figure 2). The programs describe
the potential behavior of processeswhat communications the processesan
participate in on such channels.

There are two di erent kinds of communications in the -calculus. In the
rst type (also presert in simpler languages,such as CCS [41]), the processes
only sendalerts (or empty \nil* messages}o one another. In this case(de-
picted in Figure 3A), a senderprocessmay communicate with a receiver pro-
cesdf they sharethe samecommunication channel. Following communication,
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Fig. 1. A toy biomolecular system. A. Three molecular species:A, B, and C,
ead with seweral sub-domains (dividing lines) and motifs (protrusions and depres-
sions). B. Domains Al and B2 interact via complemertary motifs. C. A motif on
domain Bl is modied. D. The proteins disscciate E. The modi ed motif on B1 is
used for interaction with domain C1.

the action is removed, and ead processmay either iterate or changeits state,
becominganother processwith di erent channelsand behavior.
The secondtype of communication is more complex and unique to the
-calculus. In this case(Figure 3B), the senderprocesssendsa messageto
the receiving process.The content of this messageis one or more channel
names. These channelscan be used by the receiving processto communicate
with other processesAs before, following communication the processesnay
either iterate or change state. However, passing channels as messagesallows



The -calculus as an abstraction for biomolecular systems 7

L <
C C

Fig. 2. -calculus pro cesses and channels: An intuitiv e view. Three pro-
cessesP, Q, R (ovals) with four communication channels (complementary shapes
of protrusions and depressions).

the process(and its cortinuations) to acquire communication capabilities dy-
namically, that were not specied a priori in its explicit program. Suc a
changein future communication capabilities as a result of passingmessages
is termed mobility.

As shawn in Figure 3 the two communication capabilities may seneto de-
scribe similar systems.However, in the former medanism the communication
capabilities of a processare all strictly pre-de ned (and thus may changeonly
as a result of a pre-speci ed state change), while in the latter messagesnay
changethe communication capabilities of a processdynamically. Thus, mes-
sagesallow us to leave certain componerts under-speci ed, to be determined
only following interaction with di erent processeswvhich may senddierent
messageslong the samechannel.

The molecule-as-computation  abstraction

We nd an intuitiv e correspondencebetweenthe world of computational pro-
cessesand of biomolecular systems,basedon the represenation of molecules
as the processesn which they may participate. Note, that this view is es-
sertially a biological one. Biologists typically characterize moleculesby what
they can do. For example, enzymesare named by the reaction that they can
catalyze, and binding domainsin proteins { by the ertities which they bind.

Table 1 givesa generalintuition of the guidelinesunderlying this abstrac-
tion. In the next onewe build the abstraction step-by-step with a real biolog-
ical system.

Note, that we may represert modi cation either asa special caseof molec-
ular state changeor by employing the mobility medanism of the -calculus,
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Fig. 3. -calculus comm unication: A schematic view. A. Communication
with state change. B. Communication with mobility. P,Q,S,R (ovals) - processes;
a,b - communication channels.

Table 1. Guidelines for the abstraction of biomolecular systems to the
-calculus.

[Biomolecular entity | -calculus entit y |
Molecular species Processspecies

Molecular population System of concurrent processes
Complementary motif  |[Complementary input and output occurrences

types on the same channel name

Motif occurrencein Communication o ers on channelsin process
molecule or domain

[Biomolecular event | -calculus event

Speci ¢ interaction Speci ¢ communication on complemertary

on complemertary motif |channels

Outcome following Communication pre x preceding processcreation or
interaction other communication

Reconstitution Communication pre x preceding processrecreation

following interaction
Changed molecular state{Communication pre x preceding

following interaction creation of new process
Modi cation of motifs |Non-mobile approach: re-creation of a dieren t
during interaction type of processwith a di erent channel set

Mobile approach: Message(a tuple of channel names)
sert in communication to replace channelsin the
receiving process
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abstracting state change and modi cation asa messagesert from one of the
processedo the other one. Each of thesetwo abstractions for molecular in-
teractions has bene ts and drawbadks. In the non-mobile approad, the ab-
stracted systemis fully specied, and thus often simpler to write and follow.
The mobile approad is more complicated, but alsocloserto biological reason-
ing: the sameprocesscontin uesto abstract moleculesthroughout modi cation,
and messagepassingcorresponds directly and speci cally to the modi cation
evert.

3 Biomolecular systems in the -calculus

To fully describe the abstraction of biomolecular processin the - calculus,we
now turn to a seriesof biological examples,which we will abstract step by step
using the various constructs and rules of the -calculus.A formal preseration
of the calculus is given in the next section. Our examplesare derived from
a model of a canonical signal transduction pathway starting from a receptor
tyrosine kinase (RTK) on a cell's membrane, and ending with transcriptional
activation of immediate early genes.

3.1 Molecules and domains as concurren t pro cesses

We abstract ead biomolecular system as a process,denoted by a capitalized
name, e.g. P. For example, the RTK-MAPK signal transduction pathway is
a system, and will be denoted as

RTK _M AP K _pathway

Each constituent molecule in the pathway is a process,too, as are its
domains. For example, the growth factor unbound ligand, receptor tyrosine
kinase, and Ras moleculeswill be denoted as Freeligand, RTK, and Ras,
respectively. Similarly, the extracellular, intra-cellular and transmembranal
domains of the receptor moleculewill be denotedby E xtr a, Transmem, and
I ntr a processes.

We next de ne a system processas a collection of molecule processes,
occuring in parallel. This concurrency is denoted by the PAR operator, j,
inserted betweenthe processnames.For example,

RTK _M AP K _pathway ::=
Freeligand j RTK j RTK j RTK jRasj Rasj Rasj Ras:

denotesthat the RTK-MAPK pathway is composedof sewral ligand, RTK,
and Ras molecules.
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Analogously, we de ne a protein moleculeasseeral domain processesom-
posedin parallel. For example, we represent a homo-dimer ligand composed
of two identical binding domains, and a receptor composedof intra-cellular,
transmembranal and extracellular domains by

Freeligand ::= Freebinding _domain j Freebinding domain :
RTK = Extraj Transmemj Intra:

3.2 Molecular complemen tarit y as comm unication channels

Two molecules(or domains) interact with ead other basedon their struc-
tural and chemical complemenarit y [46]. We abstract molecular complemen-
tary ascomplemenary o ers on communication channels.For example,if the
ligand's free binding domain and the receptor's extracellular domain have
complemerary binding motifs, we denote this motif pair as a ligand_binding
channel, which appearsas an output ligand_binding ! [] o er in the ligand's
F ree binding .domain processand as an input ligand_binding ? [] oer in
the receptor's Extr a process:

ligand_binding [ ]
ligand_binding ?[]

F reebinding _.domain ::
Freeextracellular _domain ::

Molecules(processeswith complemenary motifs (communication o ers) are
graphically depicted in Figure 4.

The motifs on moleculesmay often vary basedon dierent biochemical
modi cations. We often abstract such motifs as channel parameters of the
process.For example,the intra-cellular domain of the receptor may have three
potential binding motifs, which we will represern asparameterswhen de ning
the process:

Free.intr acellular _domain(motif 1; motif 2; motif 3) ::=

Then, whenwe create the Free.intr acellular domain processaspart of a par-
ticular RTK , we replacethese parameterswith actual channels, represerting
the speci ¢ state for those motifs, e.g.

RTK ::= Freeintr acellular domain(p-tyr1;tyr2; sh2) j

Molecule processesvith motif channel parametersare graphically depictedin
Figure 4C.
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Fig. 4. Molecular complemen tarit y as input and output channels. A. The
F reebinding _domain and the Extr a processegovals) have complemertary output
(protrusion) and input (depression)o ers on the ligand_binding channel. B. Process
(molecular) interaction is enabled by channel (motif ) complemertarit y. C. We may
de ne a processwith channel parameters (left, grey), to be instantiated with actual
channels (right, color) only when the processis created.

3.3 Sequential and mutually exclusiv e events

Biochemical events may occur in sequencejn parallel with other independert
everts, or in amutually exclusive, competitiv e fashion. We abstract a sequence
of interactions as a sequenceof input and output o ers, separatedby a pre x
operator: \ ;" (the comasign). For example, if the extracellular domain may
rst bind a ligand, and then bind to another domain of another molecule,we
de ne

Extra ::= ligand_binding ?[]; rtk_binding ?[];

In other cases,there may be seweral alternativ e interactions in which a
molecule may participate: once one occurs, the other options are no longer
possible. Such mutually exclusive o ers are summal together, using the \ +"
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or \;" choice operator®. For example, if the receptor may be able to bind
either the (agonist) ligand or an antagonist but not both, we write

Extr a ::= ligand_binding ?[]; rtk _binding ?[]; +
antagonist _binding ?[];

Finally, sewral interactions may occur in parallel, without directly a ect-
ing eac other. Such caseswill be handled by composing di erent o ers in
parallel, as shavn above.

3.4 Compartmen talization as priv ate channels

A pathway is not merely a bag of moleculesand their domains. Rather, it is
composedof de ned compartments, from individual moleculesthrough molec-
ular complexesform, to cellular compartmerits, often bounded by membranes.
In all casesmoleculeswhich sharea common compartment may interact with
ead other, while moleculesexcluded from the compartment may not [24].
We abstract only the limits that compartment imposeon communication by
introducing \priv ate" channelswith restricted communication scopes([5q will
discussan extensionthat handlescompartmernts directly).

A private channel x is created using the \new x" operator. For example,
if we wish to represen the fact that the three domains of a receptor are
linked by a common backbone and belongto a single molecule,we intro duce
a newbackbonechannel, that is sharedby the three processesand is distinct
from all other (external) channels:

RTK := (newbackbong(Extr ajT ransmemjl ntr a):

The private backbone channel can be used for communication only between
the three sub-processesf one RTK, and thus represerts the limits that a
shared badkbone poseson interaction.

3.5 Interaction and biochemical modication as comm unication

Each biochemical interaction in a systemmay a ect subsequeh interactions
in seweral ways. First, interaction is often accompaniedby modi cation of one
molecule by the other, sudh that the modied molecule may now be com-
plemertary to (and interact with) other motifs, which it was not \suitable
for" before (and vice versa). Second,a particular interaction may lead to the
exclusion of other possibilities. Finally, an interaction may lead to a general

4 We will use both notations interchangeably. For their syntactic distinction, see
the implementation section.
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\state change" in both interacting molecules,enabling everts that were dis-
abled before.

We will represent thesethree results of interaction (and modi cation) by
the communication rules of the -calculus, using either either a non-mobile or
a mobile (messagepassing) abstraction.

Non-mobile comm unication

In the abstraction of interaction as non-mobile communication we represen
modi cation and state changetogetherby the intro duction of a newly created
(or re-created) processinto the system. The di erent channel set owned by
the created processwill represert the modi ed residuesin the corresponding
molecule.For example, consideran active protein kinase (Activ e_kinase pro-
cess)and a target binding domain (M od_Bind _-domain process).The binding
domain has a motif (phosphsite ?) that may be identied and bound by
a complemerary motif (phosphsite !) in the kinase. The kinase may then
phosphorylate a tyrosine residue in another motif in the binding site. This
modi cation is represeried by the creation of a new instance of a di erent
processtype (PhosphaBind _.domain), that usesthe phosphotyr osine chan-
nel rather than the tyrosine one.

Activ e kinase ::= phosphsite ! []; K inase
M od.Bind _domain ::= phosphsite ? [ ] ;PhosphaBind _domain
P hosphaBind _domain ::= phosphotyrosine ! [];

If an interaction takesplace betweenActiv e kinase and M od B ind _.domain,
two things will happen simultaneously. First, both the input and output events
on the phosphsite channel will be removed. Second,the remainder of the
two processewill be allowed to continue: creating a K inase processand a
Phospha.Bind_domain process.The latter one usesa the phosphotyr osine
channel, represeriing the modi cation. Overall, the non-mobile communica-
tion processcan be summarizedin the following reduction:

phosphsite ! []; Kinase | phosphsite ?[]; PhosphaBind_domain
!

Kinase j PhosphaBind_domain

The newly created P hospha.Bind _-domain can useits phosphotyrosine chan-
nel for further communications with other processesvhich harbor this motif,
such asthe SH 2 process:
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SH 2 ::= phosphotyrosine ? [] ;

The full sequenceof everts is summarizedin Figure 5.

ORORD
O C O

Fig. 5. Interaction and modication as comm unication and state change.
A. Pre-communication. Three processeqActiv e_kinase, M od_Bind _domain, SH 2)
and their respective channels. Activ e kinase and M od_Bind _.domain may interact
on phosph_site. B. Post-communication. A P hsopho_Bind _domain processis intro-
duced into the system instead of the M od_Bind _domain process.It may communi-
cate with SH2 on p_tyr.

Mobile comm unication

In the mobile abstraction we represert maodi ¢ ation as sendingand receiving
messagesEach messageis composed of one or more channel names, repre-
serting the modi ed motif(s). These namesare received into \placeholders"
in the receiving processwhich they substitute, represening the modi cation.

Then, they may be usedby the receiving processin subsequeh communica-
tion, represertiing the e ect of modi cation on subsequeh interactions. For
example,consideragain the active protein kinase (Activ e kinase process)and
a target binding domain (M od_Bind _domain process),where the kinase may
phosphorylate a tyrosine residuein another motif in the binding site. In the
mobile approad, this modi cation is represenied by the sending of a p_tyr
messageto be received by the tyr \placeholder":

Activ e kinase ::= phosphsite !f p_tyrg ; Kinase
M od_Bind _domain ::= phosphsite ?ftyrg; tyr!f g;
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If an interaction takesplace betweenActiv e kinase and M od B ind _.domain,
the received p_tyr channel will replace the tyr channel in the receiving
M od.Bind _domain. Overall, the communication-with-messageprocesscan be
summarizedin the following reduction:

phosphsite fp_tyrg ; j phosphsite ?ftyrg;tyrif g;
|

Kinase j ptyr!f g;

represerting the interaction, modi cation and releaseevents involved in the
chemical reaction in the system. Most importantly the p_tyr received by the
M od_Bind _domain processmay now be usedfor further communications with
other processesvhich harbor this motif, such asthe SH 2 process:

SH2:= ptyr? g;

The full sequenceof everts is summarizedin Figure 6.

GO O
OO O

Fig. 6. Interaction and modication as comm unication and mobilit y. A.
Pre-communication. Three processegActiv e kinase, M od_Bind _domain, SH 2) and
their respective channels. Activ e.kinase and M od_Bind _domain may interact on
phosph_site. B. Post-communication. The tyr channel in M od_Bind _domain is re-
placed with p_tyr, which may be used for communication with SH 2.
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3.6 Compartmen t change as extrusion of a priv ate channel's scope

We also use the mobility mecanism to abstract compartment changes,suc
as complex formation. For example, consider a three-molecule complex that
forms between a dimeric ligand and the extracellular domain of two RTK
receptors. As a result of complex formation, the two RTK domains may
interact \priv ately”, without the participation of any other RTK molecule.
To represen this, the private backoone channel is sert from the Ligand's
Binding _.domain sub-processegdo the RTK s' Extr a processes:

Ligand ::= (newbackbong(Binding _domain j Binding _domain):
Binding _.domain ::= ligand_binding ! f backboneg; B ound_domain:
Extr a ::= ligand_binding ?f cross backboney;B ound_E xtr a(cross_backbond:

As a result of two communication everts (of ead of the Binding _domains
with a dierent RTK's Extr a sub-process,we end up with two Extr a pro-
cesseswhich both \own" the same private backbone channel, represering
their indirect link via a commonly bound ligand molecule.

(new backbonég
( ligand_binding ! f backboney; B ound_domain j
ligand_binding ! f backboney; B ound_domain ) j
ligand_binding ? f cross_backboneg ; B ound_E xtr a(cross_backoong j
ligand_binding ? f cross backbongy ; B ound_E xtr a(cross._backoone
|
(new backbong
( Bound_domain j Bound_domainj
B ound_E xtr a(backbong j B ound_Extr a(backoong )

The Bound_E xtr a processesvill subsequetly usethis private backbonechan-
nel to interact with ead other, without external interruptions.

3.7 Molecular objects as parametric pro cesses

The use of parametric processde nitions allows us to abstract the constarnt
identit y of a molecule (process)as its structure (public channels) and com-
partment (private channels) change with interaction. For example, we may
de ne the M od_Bind _domain described above (which can either interact with
a modifying kinase, or bind to a SH2 domain) as:
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M od_bind_domain (kinase site; sh2_site) ::=
kinase_site ?f mod_sh2_site g;M od_bind_domain(kinase _site; mod_sh2_site) +
sh2_site ?[];

3.8 Comp etition as choice

A molecule may often participate in one of seweral mutually exclusive inter-
actions. We abstract this by the choice operator (denoted \ ;" or \ +"). For
example, considera System in which the Extr a processmay interact either
with an agonist Lig and's Binding _.domain (on the ligand_binding channel),
or with an Antagonist (on the antagonist _binding channel):

System ::= Extr a j Ligand j Antagonist :
Extra::= ligand_binding ! []; Extr a.Bound_Agonist +
antagonist _binding ! [] ; Extr a_B ound_Atagonist:
Ligand ::= ligand_binding ?[]; Bound.igand:
Antagonist ::=  antagonist _binding ? [ ] ; Bound_antagonist:

If ligand_binding is chosen,then the antagonist _binding option is discarded
and the resulting systemis

Extr a_.B ound_Agonist j Lig and_boundj Antag onist

Vice versa,if antagonist _binding is chosen,then the ligand_binding option
is discardedand the resulting systemis

E xtr a_.Bound_Antagonist j Lig and j B ound_antagonist

Choiceis resolvednon-deterministically: All enabledcommunications (where
both input and output are available) are equi-potent. A more biologically real-
istic model would assigndi erent probabilities to di erent interactions, based
on reaction rates. We extend the languageto handle sucdh a model in the next
section.

4 Simple examples

The general principles outlined in Sections2 and 3 allow us to formally rep-
resent detailed information on complex pathways, moleculesand biochemical
everts. In this section we illustrate these capabilities with seweral small pro-
gramsrepresenting di erent aspects of molecular systems.
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4.1 Molecular complexes

Our rst two exampleshandle the formation and breakage of a bi-molecular
complex. To represert the formation and breakage of a complex between
two molecules, Moleculel and Molecule2, we use both public and private
channels (Figure 7). Each of the molecules is represeried by a process
(M oleculel and M olecule2, Figure 8A). The two processesshare a public

bind channel, on which one process(M oleculel) is o ering to send a mes-
sage, and the other (M olecule?) is o ering to receivwe (Figure 8A) . These
complemeniary communication o ers represer the molecular complemen-
tarity of the two molecules,and the communication evert represerts bind-

ing. The private backbonechannel sert from M oleculel to M olecule2 repre-
serts the formed complex, and the two processeshangeto a \b ound" state
(Bound_M oleculel and Bound_M olecule2, Figure 8B). A communication be-
tweenthe two \b ound" processe®n the sharedprivate backbonechannelrep-
reserts complex breakage. As a result, the two processeseturn to the initial

\free" state (M oleculel and M olecule2), completing a full cycle. Note, that

in a systemwith many copiesof these processesany two particular copiesof
M oleculel and M olecule2 may communicate (i.e. \bind") on the bind chan-
nel. However, the two resulting \b ound" processesshare a private channel,
which is distinct from all other channels,and may allow only this particular

pair to communicate (\un bind") with ead other. Three such complexesand
their speci ¢ private channelsare shownn in Figure 8B.

System::= Moleculel | Molecule2 .

Moleculel::= (new backbone) . bind ! {backbone} ,
Bound_Moleculel(backbone) .

Bound_Moleculel(bb)::= bb! [ ] , Moleculel .

Molecule2::= bind ? {cross_backbone}
Bound_Molecule2(cross_backbone) .
Bound_Molecule2(cbb)::= cbb ? [ ] , Molecule2 .

Fig. 7. -calculus code for a hetero dimer complex

Special case: Homo dimerization

The -calculus program presened above for a heterodimer must be modi ed

to represert homodimerization (Figure 9). The reasonis that a homodimer
forms between two identical moleculesthat are represerted by two copies
of the sameprocess.Sinceit is impossiblea priori to break down the sym-
metry betweenthe two componerts of the homodimer, both input and out-
put must be o ered simultaneously by the sameprocess,analogouslyto the
way molecules should have a \zipp er" like structure to allow homodimer-
ization. The asymmetry is broken by using non-deterministic choice: while
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v2)

Fig. 8. Formation and break age of a hetero dimer complex. A. Separate
molecules. B. Three complexes, represerted by distinct private backbone channels.

both processe® er both a sendand a receive communication, one will (non-
deterministically) sendand the other receive. Since oncean option is chosen,
the other is automatically withdrawn, a processcannot communicate with
itself (in the samesensethat a molecule cannot bind onto itself). In the ex-
ample (Figure 9), each M olecule processo ers a choice betweensendingand
receiving a messageon the bind channel. Once one is selected,the other is
withdrawn, and the M olecule changesto a \b ound" state (B ound_M ol pro-
cess).The messageasin heterodimerization, is a private backbonechannel, to
be usedfor an\un binding" communication. This, too, is doneby a symmetric
choice construct.
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System::= Molecule | Molecule | Molecule | Molecule | Molecule .

Molecule::= (new backbone) . bind ! {backbone} , Bound_Mol(backbone);
bind ? {cbb} , Bound_Mol(cbb) .
Bound_Mol(bb)::= bb! [ ] , Molecule ;
bb ? [ ] , Molecule .

Fig. 9. -calculus code for a homo dimer complex

4.2 Enzymes

Our next use-casetackles \classical", single-substrate, enzymatic reactions
typical of metabolic pathways.

The Michaelis-Merten mechanism provides a detailed accourt of an en-
zymatic reaction [62], breaking it to its elemenrary steps.A single-substrate
reversibleenzymatic reaction includesfour elemenary reactions:binding of an
enzymeto the substrate or to the product and formation of an EX complex,
and releaseof either a product or a substrate from this complex. In this case
(coded in Figure 10, and schematically depicted in Figure 11), we have v e
processtypes,represeriing the free enzyme(Enzyme), bound enzyme(E X),
substrate (Substrate), product (Product), and intermediate (X). Enzyme
includes a choice between an an interaction with Substrate (on bind_s) and
an interaction with Product (on bind_p). In both casestwo private channels,
rel_p and rel_s, are sert from Enzyme to its courterpart (Figure 11A). Fol-
lowing communication, Enzyme changesto EX (\b ound enzyme"), and its
counterpart (be it Substrate or Product) changesto X (reaction interme-
diate) (Figure 11B). The two private channels shared between EX and X
represen the formed complex, and are usedto nish the reaction, resulting
in Enzyme reconstitution and either Product or Substrate release(Figure
11C). Note, that as a result of the non-determinism of the choice construct,
Substrate binding to Enzyme may end up either as a Product (by reaction
of X and EX on rel_p) or be releasedas an intact Substrate (reaction of X
and EX onrel_s). The sameis true for Product.

4.3 Enzymes in signal transduction

Enzymatic reactions play a critical role in signal transduction (ST) pathways.
However, unlike metabolic pathways where enzymes(proteins) and substrates
(metabolites) are distinct kinds of biochemical ertities, in ST pathways most
substrates are proteins, serving as binding partners, transcription factors, or
enzymes.We represen such \mo di cation of modi ers" by extensively using
the mobility medhanism of the -calculus® Previously, we distinguished the

5 An alternativ e non-mobile represertation of such events was discussedabove, and
will not be preserted in further detail.
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System::= Enzyme| Substrate
Enzyme::= (new rel_s, rel_p)

bind_s ! {rel_s,rel_p} , EX(rel_s,rel_p) ;

bind_p ! {rel_s,rel_p} , EX(rel_s,rel_p)
EX(release_s,release_p)::= release s ! [ ] , Enzyme;

release p ! [ ] , Enzyme.
Substrate::= hind_s ? {erel_s , erel_p} , X(erel_s , erel_p)
Product::= bind_p ? {erel_s , erel_p} , X(erel_s , erel_p)
X(rel_es,rel_ep)::= rel_es ? [ ] , Substrate ;
re_ep ?[ ], Product .

Fig. 10. -calculus code for single-substrate enzymatic reactions. An ele-
mentary (Mic haelis-merten) reaction model for a single-substrate reversible reaction
with one product.

substrate from the product by using distinct processnames.In represering
the modi cation of ST molecules,we maintain processidentity throughout
modi cation.

Phosphorylation  and de-phosphorylation by protein kinases and
phosphatases

We consider a toy example involving a binding protein (Binding _Protein
process),a protein tyrosine kinase (K inase process)and a protein tyrosine
phosphatase(P hosphatase process).In this system, the protein kinase phos-
phorylates a tyrosine residue, and the phosphatasede-phosphorylatesit. For
simplicity, we handle the enzymatic reaction asa\single-step" reaction, rather
than the elaborate model discussedabove (Figure 12 and Figure 13).

We represent the modi able residue as two channels: tyr for the non-
phosphorylated residue,and p_tyr for the phosphorylated one. K inase sends
p_tyr asa messageon the tyr channel, represening the fact that the tyro-
sine kinaseidenti ed non-phosphorylatedtyrosinesand modi es them to the
phosphorylated form. Conversely P hosphatase sendsa tyr messageon the
p_tyr channel.

The Binding _Protein has a channel parameter, represetiing the phos-
phorylation state of its tyrosine residue. When the system is initialized we
assumethat it is non phosphorylated, so we create a Binding _Protein(tyr).
This processo ers to receive on tyr, and may thus interact with Kinase,
but not with Phosphatase Upon communication, the Binding _Protein re-
ceivesp_tyr, and is re-created, but now with the newly received channel (i.e.
Binding _Protein(p-tyr)). This processo ers to receiwe on p_tyr, and may
thus interact with P hosphatase but not with K inase. As before, upon com-
munication, Binding _Protein is re-createdwith the receivedtyr channel, re-
turning to the initial state.

In this way, the iteration of Binding _Protein betweentyr and p_tyr pa-
rameters represerts the cycling of the protein molecule between a phospho-
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Fig. 11. Reversible, single-substrate enzymatic reaction with a single
pro duct: Elemen tary reaction model. A. Enzyme may interact with either
Substrate (on bind_s) or Product (on bind _p). B. Following communication, Enzyme
becomesE X, while Substrate (or Product) becomesl\in termediate” X . C. X (inter-
mediate) and EX (bound enzyme) may interact either on rel_p (releasing P roduct)
or rel_s (releasing Substr ate).

System::= Binding_Protein(tyr) | Kinase | Phosphatase .
Binding_Protein(res)::= res ? {mod_res} , Binding_Protein(mod_res)
Kinase::= tyr ! {p_tyr} , Kinase .

Phosphatase::= p_tyr ! {tyr} , Phosphatase .

Fig. 12. -calculus code for phosphorylation and de-phosphorylation of a
binding domain. Model is basedon a simplied (single step) enzymatic reaction.
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rylated and a non-phosphorylated state. These channel parametersa ect the
communication capabilities of Binding _Protein, re ecting the e ect of the
residue's modi cation state on the protein's ability to be identied by ki-
nasesand phosphatases.This principle can be extended and incorporated
into more detailed models. For example, we can devise a model that com-
binesthe elemenary reaction (Michaelis-Merten) schemewith the tyr/p_tyr
channel parameter scheme.

L <
~

o

Fig. 13. Mo dication of a protein residue by kinases and phosphatases.
A. A system composed of a K inase, Phosphatase and a Binding _Protein with a
tyr channel. B. Following communication between K inase and Binding _Pr otein
on tyr, Kinase is recreated, and Binding _Protein now has a p_tyr channel, rather
than atyr one, allowing interaction with P hosphatase. C. Following communication
between P hosphatase and Binding _Protein on p_tyr, Phosphatase is recreated,
and Binding _Protein now has a tyr channel, rather than a p_tyr one, returning to
the original state (A).

Mo di able residues in activit y and binding

The channel parameter approach can be extended to handle the e ect of
modi ed residueson the binding and activity of the proteins that harbor
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them. For example,assumethat the phosphorylatedtyrosine (but not the non-
phosphorylated one) of the binding Protein discussedabove can be bound by
an SH2 domain in an adaptor protein. To model this situation we now extend
the previous program (Figure 14).

System::= Binding_Domain(tyr_mod,tyr_bin d) |
Kinase | Phosphatase | Adaptor .
Binding_Domain(res_mod,res_bind )::=
res_mod ? {res_mod1l,res_bindl} ,
Binding_Domain(res_mod1,res_bindl) ;
res_bind ? {unbind} |,
Bound_Domain(res_mod,res_bind,unbind)
Bound_Domain(res_mod,res_bind,ub):: =
ub ? [ ] , Binding_Domain(res_mod,res_bin d) .
Kinase::= tyr_ mod ! {p_tyr_mod, p_tyr bind} , Kinase .
Phosphatase::= p_tyr_ mod ! {tyr_mod,tyr_bind} , Phosphatase .
SH2_Adaptor::= (new unbind) . p_tyr bind ! {unbind} |,
Bound_Adaptor(unbind)
Bound_Adaptor(ub)::= ub ! [ ] , SH2_Adaptor .

Fig. 14. -calculus code for phosphorylation and de-phosphorylation of a
binding domain

Rather than using a single channel parameter in Binding _Protein (ei-
ther tyr or p_tyr), we now introduce two channel parameters. The rst pa-
rameter, resmod (either tyr_mod or p_tyr_mod), is used for communica-
tion with K inase and Phosphatase The secondparameter, res_bind (either
tyr _bind or p_tyr_bind), represerts the ability (or lack thereof) to bind to the
adaptor protein. K inase and Phsophatase send a tuple of two channelsto
Binding _Protein, represening the fact that residuemodi cation a ects both
the ability to interact with the modifying enzymeand to bind to the adaptor
protein.

5 The biochemical stochastic -calculus: A quantitativ e
extension

The original framework of the -calculusis semi-quartitativ e by de nition:

all individual communications are equally likely to occur. Thus, the -calculus
abstraction of the molecular realm re ects the number of molecules,but not
the rates of the reactionsin which these moleculesparticipate. This resultsin
two inter-dependert inaccuracies.First, reactionsdo not occur at the correct
rate. Second,all time stepsare equal and do not represert the time ewvolution
of the real system.
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While previous studies with qualitativ e (e.g. [39]) and semi-quartitativ e
(e.g[23] and our work [52]) modeling of biomolecular systemsshow that even
sudh coarseabstractions have somemerit, quartitativ e aspectsare key to the
function of many biomolecular systems,a fact that is recertly gaining growing
recognition (e.g. [32]), and must be appropriately addressedwhen devising a
relevant abstraction of biomolecular systems.

In the -calculus abstraction, we have assaiated our represeration so
far with a particular non-deterministic and discrete semartics. While the dis-
crete aspect of the calculus is fundamental, the non-deterministic sematrtics
is not, and will now be replacedwith a stochastic one,in which di erent com-
munications have di erent rates, and communications are selectedbasedon
probabilistic conditions. The programming languagemecdanismis realizedus-
ing a previously proven Monte Carlo algorithm for the stochastic simulation
of systemsof coupled chemical reactions, known as the Gillespie algorihtm
[18].

To provide the -calculuswith a stochastic extensionwe intro duce seweral
changesinto the -calculusdomain and the -calculus basedabstraction:

Channels with base rates as elementary reactions with meso-
scopic rate constants. Each channelis how assaiated with a baserate.
The channel's baserate is identical to the mesoscopiaate constart of the
corresponding elemenary reaction.
Channels' actual rates as reactions' actual rates. At ead statein
the -calculus systemwe determine the actual rate of a channel basedon
that channel's baserate, and the number of input and output o ers on the
channel at that state (which represen the number of reactant molecules
in the corresponding reaction). The actual channel rate is identical in
calculation and value to the actual rate of the corresponding reaction.
-calculus time steps as the time evolution of chemical sys-
tem. The discrete even time steps implicit to the unfolding of a semi-
quantitativ e simulation® are replaced by an explicit clock. The clock is
advancedin uneven steps, according to the Gillespie algorithm, basedon
the actual channel rates. The resulting time ewolution of the abstract -
calculus system corresponds to the time ewolution of a single (represeria-
tive) trajectory of the chemical system.
Sto chastic selection of comm unication according to the proba-
bilit y of a reaction. The non-deterministic way in which enablel com-
munication actions are chosenat ead stepin the unfolding of a -calculus
system s replaced by a stochastic selection process,basedon the actual

® The semartics of the -calculus and similar languagesis originally purely concur-
rent, where events can happen in parallel. In practice, however, concurrency is
implemented by an interleaving semantics, where systemsunfold in a step-by-step
manner, with a single event chosenat ead step. Here we refer to this standard,
well-accepted, approach.
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channel rates at ead state of the system. The selection processis iden-
tical to the one speci ed in the Gillespie algorithm. The resulting state
ewolution of the -calculus system correspondsto the state ewolution of a
(statistically represenativ e) trajectory of the chemical system.

The actual rates of chemical reactionsare dependert on their rate costarts
(our \base rate") and reactant quantities. Howewver, we distinguish se\eral
types of elemenary reactions, ead of which usesa dierent kind of rate
calculation rule and di erent abstraction guidelines(summarizedin Table 2).
Brie y , ead reaction type will be represerted by a di erent channeltype, and
channeltype will determine which rate calculation rule to apply. Asymmetric
bimolecular reactions involving two reactants from two di erent speciesare
represerted by two di erent processesising a regular type channel. Symmet-
ric bimolecular reactions involving two reactants from the same speciesare
represerted by two identical processeausing a symmetric type channel (each
o ering a choice betweena sendand a receiwe action). Unimolecular reactions
involve only a singlereactant. As the -calculusallows only pair-wise interac-
tion, we represen theseeither asan asymmetric communication (on a regular
channel) with an additional, single copy, Timer process,or by a symmetric
communication (on a private symmetric channel, one per molecule) between
two sub-processesof the Reactant process.Finally, we also allow instanta-
neousreactions, occuring immediately when enabled,on an instantenoustype
channel. These are highly useful for various encading needs,as well as when
we would like to focus on slower everts.

The dierent ways in which the actual rate of channelsis calculated for
di erent typesof reactions, and the di erent handling of communications on
instantaneous channels, mean that a given channel name may only be used
in oneway throughout the unfolding of a stochastic -calculus system. Thus,
oncea channel nameis usedas onetype, it may not be usedas another.

6 BioSpi: Simulating -calculus programs

Once a detailed -calculus model of a particular pathway is built, one would
liketo utilize it in di erent ways. The most natural useis to treat the model as
an executable computer program, and simulate the behavior of the pathway
by running the program.

To this end, we have developed a computer application, called BioSpi.
BioSpi is based on the Logix system [60], which implements Flat Concur-
rent Prolog (FCP [59]). Two unique features of FCP madeit suitable for our
purposes.First, the ability to passlogical variables in messagewas usedto
implement the mobility (\sending channels as messages")medanism of the

-calculus. Second,its support of guarded atomic uni cation allowed the im-
plemenrtation of synchronized interaction with both input and output guards.
Note, that previousimplemertations of the -calculusor of related formalisms
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Table 2. Bimolecular, unimolecular and instan taneous reactions in the
sto chastic extension of the -calculus

Reaction Channel |Explanation

type type

Asymmetric |Regular |One reactant is represerted by a processo ering to
bimolecular send on the reaction channel and the other by a
reaction processo ering to receive on the reaction channel.

Rate : Baserate #senders #receivers

Symmetric Symmetric | The reactants are represerted by two instances of

bimolecular the same process,eac o ering a choice

reaction between send and a receive on the reaction channel.
. #senders  (#receiv ers 1)

Rate : Base rate z _

(The number of sendersand receivers is equal)

Unimolecular |Regular |The single reactant is represerted by a processo ering
reaction (public) to receive on the public reaction channel. A single
Timer processo ers the complemertary communication.
Rate : Baserate 1 #receivers

Regular [The internally interacting parts of a single reactant
(private) |are represerted as two parallel processescommunicating
on a shared priv ate reaction channel. Each potential
\copy" of the reaction is represerted by a separate
private channel.

Rate : Baserate 1 1

(An actual rate is calculated for eadc individual

priv ate reaction channel)

Instantaneous|Instant- Same as for bimolecular reaction

reaction aneous Rate : In nite: Executed immediately when enabled,
prior to any reaction on channels with nite rates,
and without advancing the clock

(e.q.[41] and referencegherein) do not provide sud full guardedsyndironous
communication.

BioSpi receivesas input -calculus code and executesit. An appropriate
surface syntax was devisedfor the -calculus syntax [49], allowing also for a
simple but usefularithmetic extension’ The ASCll-based® syntax wasdevised
in such a way that the original -calculusprimitiv esand operations (including
match/mismatch constructs) are clearly separatedfrom the arithmetic ones.
Furthermore, the syntax is insulated from general Logix procedures,and a

" The arithmetic extension allows us to employ variables and arithmetically ma-
nipulate their values as well as set conditions on these values.

8 In order to maintain pure ASCI| represertation and comply with somelimitations
of the Logix system, some of the original -calculus notation was replaced in
the BioSpi syntax. Only BioSpi notation is used throughout this work with the
exception of the (new x) construct
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pure -calculus represeration is maintained in spite of the use of an FCP-
basedplatform.

In the simulation, ead instanceof a -calculusprocesss realizedasa run-
ning computational one.Processesun concurrertly and interact usingchannel
objects, following the reaction rules of the calculus. The simulation follows,
step by step, the evolution of the system.At ead step, a singlecommunication
(reaction) step is realized in one atomic operation: a pair of complemenary
communication actions (input and output on the samechannelin two concur-
rent processes)s chosen,a messages transmitted betweenthe processesthe
communication actions and alternativ e choices are eliminated, the received
channel(s) are substituted (instantiated) for the appropriate place holder, and
the processesare allowed to cortinue.

BioSpi has seweral versions,consistert with our biologically-motiv ated ex-
tensions of the -calculus. In BioSpi 1.0, communication selection is non-
deterministic, and all enabled communication actions are equally likely to
be selected.As a result, the simulation processis semi-quantitative: commu-
nication (i.e. reaction) rates are e ectiv ely identical, therefore process(i.e.
molecule) numbers determine which reactions are more probable than others,
and higher-copy-number processesre more likely to participate in communi-
cation than lower-copy ones.

Seweraltools are available for tracing the execution of BioSpi 1.0 programs.
Thus, not only the net outcome of a computation can be studied, but also
the speci ¢ scenariothat hasled to this outcome. First, the simulation may
be executedin a step-by-step fashion, with the ability to set specic break
points. This approad is useful to follow small detailed systems. Second,an
orderedtrace of all the communications in the systemand the processeghat
participated in them is maintained. The trace can be viewed in a form of
a tree, ordered chronologically, or accordingto processewolution. Third, the
simulation can be suspended at any desired momert, and the contents (so-
called resolvenj of the system'scurrent state of computation are examined.
The level of detail in which a systemis traced (process,channels, messages,
sendersgtc.) canbe determined dynamically throughout a sessionWe applied
the BioSpi 1.0 system to study a complex full model of the RTK-MAPK
pathway, gleaning meaningful biological insights even in this limited, semi-
guantitativ e framework (see[52] for details).

BioSpi 2.0 implemernts the Gillespie algorithm and servesas a stochastic
simulation platform. In BioSpi 2.0, each channel object is alsoassaiated with
a baserate and type (instantaneous, symmetric or asymmetric). The channel
baserate is suppliedwhenthe channelis de ned. An \in nite" baserate serves
to de ne an instantaneouschannel type. Asymmetric and symmetric channel
typesare identied upon their rst use.

The certral monitor in BioSpi 2.0 maintains the simulation clock and is
responsible for the correct execution of the Gillespie algorithm: the selection
of the next communication and time step. The monitor operatesin the follow-
ing way: Requeststo instantaneouschannelsare satis ed assoon as possible.
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Requeststo channelswhich have a nite rate (> 0) are queued. Each time
that a new evert is required the certral monitor and all channel objects with
a nite, non-zerorate, jointly determine a communication evert. In ead iter-
ation, eac channel object determinesits actual rate, accordingto its type, its
basalrate, and the numbers of sendand receive o ers. The monitor then uses
these actual rates to selectthe next reaction channel and time step, exactly
accordingto the selectionprocedureof the Gillespie algorithm [18]. The mon-
itor then advancesa \clo ck" counter accordingto the selectedtime step and
allows the chosenchannel to complete one transmission (send/receive pair),
relaying the sert messageto the receiwver.® As in BioSpi 1.0, the completion
of the sendand receive requestsis synchronized by the channel. In addition,
other message® ered on this and other channelsby the sametwo processes
whoserequestswere completed, are withdrawn. The withdrawals are not syn-
chronized, but they do precedecontin uation of their respective processesand
the next step of the clock.

In addition to the tracing and debugging tools available for BioSpi 1.0
simulations, BioSpi 2.0 allows us to maintain a full record of the time ewolution
of the system. The record speci es each communication in the system, the
time at which it occured,the communicating processesthe channel on which
the communication occured and the resulting processesThe record le can
be post-processedto generatethe time ewlution of the systemsstate (i.e.
number of eat processspeciesat ead time point) at any desired level of
resolution. In the next section, we will seethe utilit y of the record and trace
tools in studying the stochastic behavior of specic systems.

Importantly, the changesin the stochastic extension of the -calculus ab-
straction are mostly con ned to the semanticinterpretation of -calculuspro-
grams, and to the pragmatic use of the abstraction (e.g. the represertation
of unimolecular reactions). As a result, the new guidelinesfor stochastic ab-
straction can be seamlesslycomposedon top of the existing semi-quariitativ e
ones. Practically, this meansthat with the addition of appropriate channel
rates, any semi-quartitativ e -calculus abstraction (BioSpi 1.0-compatibale)
can becomestochastic (and BioSpi 2.0-compatible).

° To be fully accurate, the selection of the send/receive pair should be done in
a fully random way. In the current implementation, the pair is selectedin a
\top-of-the-queue” fashion, which is non-random. In most cases,there are only
two processspeciescommunicating on a given channel, and this does not raise
a problem, as all senders(or receivers) are equivalent. In some cases,however,
this may be inaccurate. We are currently developing a fully random selection of
a communication pair to be available in the next release.
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7 Studying biomolecular systems with BioSpi 2.0: A
comp ositional abstraction of glycogen biosyn thesis

The incorporation of a stochastic sematrtics allows us to build more accu-
rate abstractions of biomolecular systems.In this section we study glycogen
biosynthesis as one example of these benets. In this example, we use the
distinction between channelswith nite rates and instantaneous channelsto
build a detailed model of glycogen biosynthesis. We also extensively use an
arithmetic extensionof the calculusand its ability to abstract the composition
of ertities of growing complexity from simple building blocks.

7.1 Glycogen biosyn thesis

Polymerization is a key evert in the creation of various biomoleculesincluding
DNA, RNA, proteins, various prtoein laments (e.g. actin, microtubuli) and
polysacdarides.In cortrast to proteins and nucleic acids, polysacharidescan
form both branched and linear polymers.

Glycogenis a branched polysacdharide composedof glucosemonomers[68§].
Glycogenis biosynthesizedin a combination of two alternativ e enzymatic re-
actions. In the rst elongation reaction, catalyzed by the glycogen synthase
enzyme,an (1! 4) glycosidic bond is formed betweenthe C, of the poly-
merized glucoseat the end of a growing polymer and the C; of an \incoming"
UDP-glucosemonomer® In the secondbranching reaction, catalyzed by the
glycogenbranching enzyme,an (1! 6) glycosidic bond is formed between
the Cg of a polymerized glucosewithin the glycogenpolymer and the C; of
an\incoming" glycogenoligomer. The oligomer is branched\o " an existing
polymer chain. In addition, the glycogenpolymer is initiate d by a third en-
zyme, called glycogenin. This enzymeforms an initial 7-residueprimer, which
we term a seed.

The biosynthesis of glycogenfollows speci ¢ \rules". First, the speci city
of glycogensynthase ensuresthat elongation is allowed only from growing 4'
ends. After branching, there may be more than one such end, and elonga-
tion may proceedindependently at ead of theseends. The branching \rules"
are more complex. A branch is speci cally created by transferring a 7-residue
segmen from the end of one chain to the Cs OH group of a polymerized
glucoseresidue on the sameor another glycogenchain. Each transferred seg-
ment must come from a chain of at least 11 residues,and the new branch
point must be at least 4 residuesaway from any other branch point.

The balancebetweenelongationand branching determinesthe architecture
of the glycogenmolecule:chain length and extent of branching. This architec-
ture determinesthe compactnessof glucosestorageand its availability and is
thus critical for the functional role of glycogenas an energyresene.

10 The glucose! UDP-glucose reaction is catalyzed by a separate enzyme which
we will not discuss here. We will use the terms glucose and UDP-glucose inter-
changeably from here on.
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7.2 Building the abstraction in the -calculus

The rst stepin building an abstraction is identifying and de ning the basic
ertities in the real world domain. To this end, we now break down the above
description into seweral componerts.

First, ead glycogenstrand is directional (Figure 15). We term one end,
with a C; carbon that cannot grow, asthe root side We term the other end,
with a C4 carbon that can grow, asthe leaf side
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Fig. 15. The architecture of a glycogen molecule: de nitions. The C; and
C. end of a glycogen strand de ned as\Ro ot" and \Leaf " respectively. A polymer-
ized residue may assumeone of three potential positions: on a straight segmen (A),
on a branched segmern (B) or at a branch point (C).

Second,we distinguish three potential positions for a polymerized residue
(Figure 15). First, it may resideon a straight segment, whereno branch points
exist to the leaf side. Second,it may be part of a branched sggment, that has
a branch point to the leaf side. Third, the residue may be the branch point
itself.

The exact position of the residue determines the types of reactions in
which it may participate. A polymerization enablel residuemay participate in
an elongation reaction (as the C4 donor). A cleavageenabla residue may be
cleaved in a branching reaction and linked into another glycogenbranch. A
branch enablel residuemay serve asa branch point onto which a new glycogen
oligomeris added. The various typesof residuesand their reaction capabilities
are listed in Table 3.

We are now ready to abstract the system in the stochastic -calculus.
First, ead glucose residue is abstracted as a process. Dierent process
states represen the di erent positions of a glucoseresidue (Table 3, right-
most column). Processesalso represern the two types of enzyme molecules
(Glycogen_Synthase and Branching _Enzyme) and the seed(Seed Glucose
for the \free" seedand Root_Glucosefor the polymerized seed).The formation
of bonds is abstracted as private channels, with one private channel shared
between eact pair of immediate neighbors. Thus, eat processrepreserting
a fully polymerized residue has two private channels: one linking it with its
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Table 3. Dieren t types of residues dened by their reaction capabilities
and abstracted as -calculus pro cesses.

General Residue Detailed position Pro cess name
position capabilities

Non- Polymerization |Free UDP-glucose (1' end) UDP _Glucose
polymerized |enabled

Straight Polymerization |Leaf (4' end) Leaf _Glucose
segmern enabled

Cleavage and At distance 7 exactly from leaf B CE _Glucose
branch enabled |and at distance 4 at least from
closestbranch point or root
Branch but not [At distance other than 7 from leaf|BN CE _
cleavage enabled and at distance 4 at least from Glucose
closestbranch point or root
Disabled Not leaf and distance lessthan 4 |Disabled_
from closestbranch point or root |Glucose
Branched Branch but not |At distance at least 4 from both |[BNCE_

segmen cleavage enabled| anking branch points/ro ot Glucose
Disabled At distance lessthan 4 from at  [Disabled_
least one of its anking branch Branched-
points/ro ot Glucose
Branch point |Disabled At the branch point (Ce donor) |Branch_Point

root-side neighbor and the other with its leaf-side neighbor. The processes
represerting the root and leaf processeshareonly a one private channel with
a neighbor (Figure 16).

Fig. 16. A polymer abstracted as a chain of pro cesses link ed by priv ate
channels. Circles represert processesConnecting colored lines represert individual
private channels.

The exact position of a residueis critical to determine its behavior. Simi-
larly, the exact\p osition" of the corresponding processis critical to determine
its state. We abstract a residue'sposition in the glycogenpolymer by the val-
uesof three position variablesthat are assaiated with ead individual residue
process(Figure 17): A
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Leaf counter (LC) measuresthe distance of the residue from the leaf.
It is initialized to zero, incremented (+1) upon extension, and decreased
(-7) upon cleavagein the remaining segmen residues.

Root counter (R C) measuresthe distance of the residue from root or
from the anking branch point on the root side. It is initialized to the value
of the RC variable of the neighbor residue on the root side + 1, updated
upon cleavagein the cleaved segmen residuesto the RC of the new root
side neighbor + 1, and updated upon insertion in the segmem on the leaf
side of the new branch point to RC - (RC of new branch point).
Leaf-branc h counter (LBC) measuresthe distance of the residuefrom
the anking branch point on the leaf side. It is initialized to zero and
updated upon insertion in the segmem on the root-side of the new branch
point to the LBC of the leaf side neighbor+1.

9 Q@ 9 Q@
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Fig. 17. The leaf (LC), root (RC), and leaf-branc h (LBC) counters: An
example. The values of the LC, RC, and LBC counters for seweral residues are

shown.

As courters abstract the position of ead residuein the polymer, and as
the residue's position determinesits state, we usethe courters to de ne the
corresponding processstate. We usea choice construct, in which the counter
valuesare chedked according to the di erent rules:

fLBC = 0g; %Straight segment
(fLC = 0g; Leaf _Glucose;
fLC = 7; RC>= 4g; BCE_Glucose;

fLC >0; LC ===7; RC>=4g; BNCE _Glucose;
fLC > 0; RC < 4g; Disabled Glucose) ;
fLBC > Og; %Branchedsegment

(fRC>=4; LBC >= 4g;BN CEglucose
fRC < 4g; DisabledBranched.Glucose
fLB C < 4g; Disabled Branched Glucose) :
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The choice construct is examined ead time that the counter value changes.

The position of a residue may change directly, when the residue partici-
patesin an interaction (polymerization or cleave/branch) or indir ectly, when
the residue is part of a segmem which participates in those reactions (e.g.
upon branching). In order for the abstract courters to correctly represen the
position of the corresponding residuesin the \real world" polymer, they must
be constartly updated. Sinceonly two processegarticipate in the immediate
interaction, we incorporate an update propagate mechanisminto our abstract
model.

Counter updating will be performed by communication on the private
channelslinking the processresidues.Importantly, all such private channels
will be instantaneous,while all the communications represerting actual reac-
tions (elongation, cleavageand branching) will be carried out on channelswith
areal nite rate. As aresult, cournter updating will be donein zerosimulation
time, and will not interfere with the kinetics of biochemical reactions, while
allowing us to maintain a detailed view of the glucosemonomer's position
within the glycogenpolymer.

The full abstraction of the glycogenbiosynthetic systemin the -calculus
is given in Figure 18. The enzymatic elongation reaction is represened by
the glycogen and udp_glucose channels, and the cleave and branch reaction
by the branch and cleave channels. Each UD P _Glucose processis de ned
with two private channels (to_root and to_leaf) that will be subsequetly
used as speci ¢ links to residuesin the resulting polymer. For simplicity, all
the \reaction" channelsare given an equal baserate of 1 (we will revisit this
decisionbelow), while all private channelsare instantaneouswith an in nite
baserate.

Abstraction of initiation

In the initiation step (after a seedoligomer is already produced by glyco-
genin), glycogen synthase catalyzes the formation of a glycosidic bond be-
tweena UDP-glucoseand the 4' leaf end of the seedoligomer. In the abstract
-calculus model we represert the initiation astwo consecutive communica-
tion steps.In the rst step, the to_root private channel of UDP _Glucose
is sert to Glycogen_Synthase on the udp_glucose channel. In the second
step, this private channel name is further relayed in a communication from
Glycogen_Synthase to Seed Glucoseon glycogen (Figure 19A and B).
Following the two communications, UD P _Glucoseand Seed Glucosenow
share a private (instantaneous) channel. In the next two steps, the position
courters of eadh of the processesre updated to re ect their relative position
using this shared channel(Figure 19C and D). First, the RC courter is sert
on the private channel from Seed Glucoseto UDP _Glucose and is usedto
update UD P _Glucoses RC value. This represerts the changein the position
of this now polymerized residuerelativ e to its newly acquiredroot. Then, the
LC and LB C courters are sert on the private channel from UDP _Glucose
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to the now Root.Glucose and are usedto update the respective courters in
Root.Glucose This represerts the concomitant changein the position of the
root oligomer relative to its newly acquired leaf. Finally ((Figure 19E), the
new courter values are evaluated in UDP _Glucose changing it to its new
Leaf _Glucosestate.

Abstraction  of elongation

Elongation is similar to initiation and involved the sameprocessesand com-
munications, with the exception of SeedGlucose which is \replaced" by
Leaf _Glucose Two consecutive communications (rst on udp_glucose and
then on glycogen) serwe to relay a private channel from UDP _Glucose to
Leaf _Glucosevia Glycogen_Synthase. This private channel is then usedto
initiate an update of the positional counters of all the processesalong the
growing chain (each time using the relevant private channel). Finally, the
updated courters determine the new state of ead of the linked processes.

Abstraction  of branc hing

Consider a relativ ely simple branching scenarioin which a 12-residuechain is
cleaved at the fth residue.The 4-residue\ro oted" part is then elongatedby

global(glycogen(1), udp_glucose(1), dummy(l), branch(l), cleave(1)).
baserate(infinite).

Seed_Glucose(RC,LC,LBC)::= glycogen ? {to_leaf},to_leaf I {RC,LBC},
Root_Glucose(to_leaf,RC,LC,LBC) .
Root_Glucose(to_leaf,RC,LC,LBC) ::=
to_leaf ? {LC,LBC} , {LC++} , Root_Glucose(to_leaf,RC,LC,LB C) .
UDP_Glucose(LC,LBC)+(to_root,to _leaf)::=
udp_glucose ! {to_root} , to_root ? {RC,LBC}, {RC++},
to_root ! {LC,LBC} , Glucose(to_root,to_leaf,RC, LC,LBC) .
Glucose(to_root, to_leaf, RC, LC, LBC):=
{LC>=0},
<<{LBC=0} , <<{LC =0} , Leaf Glucose ;
{LC =7, RC>= 4} , BCE_Glucose;
{LC >0, LC=\= 7, RC>=4} , BNCE_Glucose
{LC >0, RC< 4} , Disabled_Glucose >>;
{LtBC >0} , << {RC>=4, LBC>=4} , BNCE_Glucose
{RC < 4} , Disabled_Branched_Glucose ;
{LBC < 4} , Disabled_Branched_Glucose >> .

Fig. 18. -calculus code for the glycogen system. The entire systemis showvn
with the exception of initialization of position counters. The code is continued on
the next page.
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Leaf_Glucose::=
glycogen ? {to_leaf} , to_leaf ! {RC,LBC}, to_leaf ? {LC,LBC} , {LC++} ,
to_root ! {LC,LBC} , Glucose(to_root,to_leaf,RC,LC, LBC);
to_root ? {RC,_} , << {RC>=0} , {RC++}, Glucose ;
{RC < 0} , Disabled_Leaf Glucose >>.
Disabled_Leaf Glucose::=
to_root ? {RC, } , {RC++}, Glucose .
BNCE_Glucose::=
to_leaf ? {LC,LBC} , {LC++} , << {LBC =0} , to_root ! {LC,LBC} , Glucose ;
{LtBC > 0} , {LBC++}, to_root ! {LC,LBC} , Glucose >>;
to_root ? {RC,_} , << {RC>=0} , {RC++}, to_leaf ! {RC,LBC}, Glucose ;
{RC< 0}, to_leaf ! {RC, LBC}, Disabled_Glucose >>;
branch ? {to_branch} , Branch_Synchl(to_branch,RC, LC,LBC) .
Branch_Synchl(to_branch,RC,LC,L BC){RC1,LBC)::=
{RC1=0} | {LBC1=1} |
<< to_branch ! {RC1,LBC},
<< to_leaf ! {RC1,LBC}, to_root ! {LC,LBC1},
Branch_Point(to_root,to_branch, to_le af) >>>>
Disabled_Glucose::=
to_leaf ? {LC,LBC} , {LC++} ,
<< {LBC =0} , to_root ! {LC,LBC} , Glucose ;
{LtBC > 0} , {LBC++}, to_root ! {LC,LBC} , Glucose >> ;
to_root ? {RC,_} , {RC++}, to_leaf ! {RC,LBC}, Glucose .
BCE_Glucose+(new_to_root,RC1,LA,LBC1):: =
<< to_leaf ? {LC,LBC}, {LC++} , << {LBC =0} , to_root ! {LC,LBC} , Glucose ;
{LBC > 0} , {LBC++}, to_root ! {LC,LBC} , Glucose >> ;
to_root ? {RC,_} , << {RC>=0} , {RC++}, to_leaf ! {RC,LBC}, Glucose ;
{RC< 0}, to_leaf ! {RC,LBC}, Disabled_Glucose >>;
branch ? {to_branch} , Branch_Synch(to_branch,RC,LC,LBC) ;
cleave ! {new_to_root} , {LC1 = -1} | {RC1= -1} | Cleave_Synch(to_leaf)
Cleave_Synch(to_leaf)::=
to_root ! {LC1,LBC}, to_leaf ! {RC1, LBC}, new_to root ? {RC,_} ,
{RC++}, to_leaf ! {RC,LBC}, Glucose(new_to_root,to leaf , RC, LC, LBC)>>.
Branch_Synch(to_branch,RC,LC,LBC)+(RC1,IBC1):=
{RC1=0} | {LBC1=1}]
<< to_branch ! {RC1,LBC},
<< to_leaf ! {RC1,LBC},
to_root ! {LC,LBC1} , Branch_Point(to_root,to_branch . to_ leaf) >>>>.
Disabled_Branched_Glucose::=
to_leaf ? {LC,LBC} , {LC++} ,
<< {LBC = 0} , to_root ! {LC,LBC} , Glucose ;
{LBC > 0} , {LBC++}, to_root ! {LC,LBC} , Glucose >> ;
to_root ? {RC, } , {RC++}, to_leaf ! {RC,LBC}, Glucose >> .
Branch_Point(to_root,to_branch, to_| eaf): :=
toroot ?{,} , self
to_branch ? { , } , self
to_leaf 2 {,} , self
Glycogen_Synthase::=
udp_glucose ? {to_root} , glycogen ! {to_root} , Glycogen_Synthase
Branching_Enzyme::=
cleave ? {to_branch} , branch ! {to_branch} , Branching_Enzyme.
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Fig. 19. Initiation as a multi-step comm unication between

UDP _Glucose Glycogen_Synthase and Seed Glucose A. Communication
between UDP _Glucose and Glycogen_Synthase. B. Communication between
Glycogen_Synthase and Seed Glucose C,D. Counter update using a shared priv ate
channel. E. UDP _Glucose changed to Leaf _Glucose basedon counter values.

two more residues,followed by linking of the 8-residue\clipp ed" part on its
fth residue (Figure 20).

A processchain of size 12 is shown in Figure 20, where processstate
is determined according to its relative position. Each pair of processesis
linked by a unique private channel, established during the elongation step,
as described above. Cleavageis abstracted as a communication on cleave be-
tween a Branching_Enzyme and a BCE _Glucose Due to the short chain
length in this example, there is only a single BCE _Glucose In the com-
munication, a private channel (new_to_root) is sert from BCE _Glucose to
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Branching _Enzyme. Following the communication, the LC and RC coun-
ters of BCE _Glucose are set to special values (-1), followed by a series of
communications on the chains of private channelsto update the relevant po-
sitional information. First, the \cleaveevent" is propagatedto the root side of
the cleave point. As a result, the immediate root-side neighbor of the cleaved
residue processwill becomea Leaf _Glucose The other root-side processes
will be updated accordingly with the communication propagated up to the
Root.Glucose
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Fig. 20. A simple branc h and cleave scenario. A. A chain of length 12. B.
Following cleavage: a rooted chain (length 4) and a clipped chain (length 8). C.
The rooted chain is elongated by two more residues. D. Linking the clipped chain
to residue 5 of the rooted chain. Corresponding processnames are shovn (R -
Root_Glucose L - Leaf _Glucose D - Disabled_Glucose BP - Branch_Point, DB
- Disabled_B ranched_Glucose CS - Cleave_Synch)

In parallel, the cleavage evert is propagatedto the leaf side of the cleav-
agepoint. Sincecleavageand branching may be separatedby additional steps
(e.g. in the example scenariowe have additional elongation of the \ro oted
branch™), the \clipp ed" branch is \frozen" until it is be linked to a new posi-
tion. The \freeze" is basedon propagating the special RC counter value (-1)
throughout the clipped chain. The special value senesto setead processto a
Disabled Glucose and will changeonly upon updating the positional counters
(following branch linking, seebelow). On the other hand, the \ro oted" chain
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may participate like any other chain in elongation (e.g. the two elongation
stepsin our example scenario).

We now examinehow to abstract the linking of a cleaved (\frozen") branch
to form a branch point. Assuming two additional elongation steps, we start
with a system with two processchains, one represerting a \ro oted" branch
of size 6 and the other represering a cleaved branch of size 8. Branch-
ing is represeried by a communication between Branching_Enzyme and
B N CE _Glucose on branch, in which the private new_to_root channel, orig-
inating in the \cleaved" B CE _Glucoseis relayed to BN CE _Glucose This
resultsin a private link betweenthe two GlucoseprocessesA seriesof commu-
nications on private channelspropagate the changeasan update in positional
counters from the cleave point (to the leaf direction, resulting in \unfreezing"
of the cleaved branch) and from the branch point (to both the root and leaf
direction).

7.3 Studying glycogen metab olism with BioSpi 2.0

The detailed glycogenbiosynthesis model, basedon a \monomer-as-process”
abstraction, allows us to monitor the exact architecture of glycogenmolecules
through the architecture of the process\p olymer". The tracing tools of BioSpi
2.0provide uswith the information (processhames,courter valuesand private
channel identit y) necessaryto reconstruct this architecture.

A simple example,basedon a systeminitialized with asingleSeedGlucose
15 UDP _Glucoseprocessesa single Glycogen_Synthase processand a single
Branching _Enzyme is shown in Figure 21. The processesvailable in the sys-
tem after it is run until suspension (no additional enabled communications)
are shawn in the so-calledresolvert in Figure 21A, together with the channels
they use and the values for the RC, LC and LB C counters. This informa-
tion is sucient to specify the molecular architecture of the corresponding
glycogenmolecule (Figure 21B).

BioSpi 2.0 also allows us to follow the time ewolution of various quanti-
tativ e properties in the abstracted population of glycogenmolecules,such as
the number of branch points, leavesand seedsgiving us an overall measureof
molecular architecture. For example, Figure 22 shaws the number of various
processegepreserting di erent properties of the polymers (leaves, polymer-
izedresiduesetc.) under di erent relative polymerization and branching rates.

8 Perspectiv es: Molecules as computation

The behavior of biomolecular systemsis traditionally studied with Dynami-
cal SystemsTheory (described via di erential equations)[16], which abstracts
the cell and its molecular constituents to their quanti able properties (e.g.
conceriration, position) and their couplings. While this approad is powerful,
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Fig. 21. A BioSpi 2.0 resolv ent allo ws reconstruction  of the molecular ar-
chitecture of a glycogen molecule. A. A BioSpi resolvent following a complete
run of a system initialized with a single Seed Glucose 15 UDP _Glucose a single
Glycogen_Synthase and a single Branching _Enzyme. B. The molecular architec-
ture reconstructed from the resolvent. Counter valuesfor RC, LC and LB C shown
inside circles.
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Fig. 22. BioSpi 2.0 simulation of glycogen synthesis under dier-
ent conditions. The number of Branch_point (green), Leaf _Glucoose (blue)
and \p olymerized" (sum of BCE _Glucose BN CE _Glucose Diabled_Glucose and
Disabled B ranched_Glucose) processeqred) is showvn as a function of time either
when the baserates of the polymerization and branching communications are equal
(A) or when the polymerization rate is 10 times faster (B).

clear, and well understood, the abstraction it makesis problematic when de-
scribing the behavior of complex biomolecular systems[16]. It treats the cell
as a monolithic unstructured entity, and does not identify molecular objects
asthey are modi ed. Biological systemsare composedof dynamic molecular
objects, but Dynamical SystemsTheory is not compositional. Thus, it only in-
directly capturesthe identit y and fate of a single molecule, molecular complex
or machine with seweral states (and/or sub-componerts).

8.1 The molecule-as-computation  abstraction

Computer scienceo ers an alternativ e starting point in the seard for good

abstractions of biological systemscomposedof dynamically changing objects.

The view of computational systemsas composedof interacting processesten-

dersthem a tempting sourceof novel abstractions for the behavior of systems
of interacting biological ertities molecules,such as moleculesand cells. In this

work, we beganthe seard for this abstraction with the -calculus, a process
algebrafor the represenation and study of concurrent mobile systems

As a rst stepweidenti ed the basicentities of biomolecular systemsand

the events in which they participate. We then developed general guidelines
for the abstraction of these ertities to the mathematical domain of the -

calculus, which we then employed for the modeling and study of real complex
biomolecular systems,suc asthe receptor tyrosine kinase (RTK) - MAP ki-

nase(MAPK) signaling pathway [52]. While the function of certain biomolec-
ular systems may be abstracted in a qualitative or semi-quartitativ e way,

the functionality of others, critically depends on quartitativ e aspects. We
therefore further extended the original abstraction with a stochastic compo-

nent [47], embedding the well-accepted Gillespie algorithm [18] within the
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-calculus framework. Although the original stochastic abstraction is limited
to elemerary reactions, BioSpi 2.0 allows, in principle, to de ne alternative
rate calculation rule per (asymmetric) channel and extend the channel type
schemeaccordingly. In this case,however, the correctnessof the simulation of
the resulting systemis no longer ensured.

8.2 Benets and limitations

How relevant computable understandableand extensibleis the \molecule-as-
computation" abstraction we devised?

Relev ance

A relevant abstraction of biomolecular systemsshould capture two essetial
properties of these systems:their molecular organization and their dynamic
behavior. We believe that the -calculusabstraction is indeed highly relevant.
On the one hand, essetial biomolecular ertities are directly abstracted to
computational ones and the abstraction handles a variety of biomolecular
events. On the other hand, the dynamic behavior of the derived computational
system closely mimics that of the molecular one.

The two alternative (non-mobile and mobile) approacheswe presert for
abstracting molecular interaction o er atradeo betweenrelevanceand util-
ity. The non-mobile approac is often simpler, but su ers from a relevane
problem, similar to that of Dynamical Systems Theory, as eat state and
modi cation are represeried as an individual ertity. The mobile approac
combines mobility with channel parametersto represen chemical modi ca-
tion asa changein the process'channel set. Thus, processesre under-de ned
in such a way that allows them to assumedi erent statesbasedon the chan-
nels they received. While we believe this approac is more relevant we also
appreciate the greater di cult y to specify and understand mobile systems.In
practice, when building individual abstractions we use a mixture of the two
approaches, guided by pragmatic considerations.

A key benet of our proposedabstraction is in its ability to handle com-
plex ertities, composedon lower-level ertities in a dynamic fashion. This is
demonstrated by our glycogen biosynthesis example, represerting the chal-
lenge posedby open endel biological ertities sud as polymers whosebound-
aries and structure change dynamically and are dicult to pre-de ne, but
are composed of (relatively) simple monomers, whose capabilities are well-
known. The compositionality of the \molecule as computation" abstraction
{ the ability to compose complex ertities from constituent parts according
to pre-de ned rules { o ers a unique way to handle such ertities, as shovn
with the glycogenbiosynthesis model. Note, that the compositional approac
has drawbacks as well. First,it requires us to maintain each monomer as an
independert entity (process)in the abstract model (and simulation). Second,
in a compositional represenation all properties are \distributed" among the
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individual componerts. In the glycogenexamplethis required constart status
updates of a seriesof courters throughout the a ected area. This can pose
both a computational burden and a ect the readability of the abstraction. One
solution to this problem is to build a hybrid abstraction in which sectionsof
the polymer are abstracted as a single process.

Computabilit 'y

A computableabstraction should allow both the simulation of dynamic behav-
ior and qualitativ e and quartitativ e reasoningon systems'properties. We have
seenthat with the aid of BioSpi we can simulate the behavior of biomolec-
ular systemshby executing their computational -calculus abstraction. How-
ever, simulations of molecular systemsas computational onescan also su er
from performance and scaling problems. The main dicult y lies in the ab-
straction of eadh molecule as a separateinstance of a computational process.
One solution is to handle only molecular species explicitly, while the speci c
moleculesare represeried by counter variables. While this approach signi -
cantly improves performance and scalability, it losessome of the immediate
transparency of the \molecule-as-process"abstraction.

A -calculus abstraction also supports qualitative and quartitativ e rea-
soning on the modeled system's properties. An extensive behavioral theory
has beendeweloped for the mathematical domain of the -calculus (and sim-
ilar languages),prior to and regardlessof its proposedusefor biological sys-
tems. This provides methods and tools to formally verify certain properties of
systemsdescribed in the -calculus (e.g. [44], [67]). In principle, we can ver-
ify certain qualitativ e assertionson biomolecular systems(e.g. \will a signal
reach a particular molecule?") by verifying a corresponding assertionon the

-calculus abstraction of the system (e.g. \will a particular communication
berealizedin a particular process?").Furthermore, methods exist to compare
two -calculus program to determine the degreeof mutual similarity of their
behavior, termed bi-simulation ([41], [44], [67]). Di erent levels of similarity,
of weakening strength, have beende ned [41].

While such methods have been generally developed they have not been
applied in the past to computational systemsat the scaleand complexity of
the oneswe are building as abstractions of biomolecular systems. Further-
more, the typesof queriesand analysis methods developed for computational
purposesmay not be the samenecessaryto elucidate biological questions.In
particular, stochastic and quartitativ e issues(such asthe onesexploredin the
next chapter) were hardly handled in the purely computational setting.

Thus, while we deemthese computableaspects of the \molecule as compu-
tation" abstraction as critical componerts of its successthey are beyond the
scope of this work, and will require further extensive researti. Nevertheless,
the potential computational possibilities openedby the use of the -calculus
sere as additional support for its importance. Indeed, in recert work seeral
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researders have started to adapt analysis methods from processalgebra to
the study of biomolecular systems(e.qg. [4], [9], [17], [45], [12]).

Understandabilit y

An understandable abstraction o ers a conceptual framework for thinking
about the sciertic domain: it correspondswell to the informal conceptsand
ideas of science,while opening up new computational possibilities for under-
standing it. The properties which lend relevance and computability to the
\molecule as computation" abstraction alsorender it understandable On the
onehand, the abstraction attempts to translate our informal knowledgeof the
biological realm to formal conceptsin a transparent and visible way.

On the other hand, the computational theory for the study and analysis of
concurrent computational systemsdescribed above open up new possibilities
for understanding molecular systems. For example, once biological behavior
is abstracted as computational behavior, we can distinguish betweenimple-
merntaions (related to a real biological system, for example the MAP kinase
cascade)and its corresponding speci cation (related to its biological function,
for example,an ampli er or a switch). Then, the theory and methodology of
semairic equivalencecan be applied in this new context to formally ascribe
a biological function to a biomolecular system. Similarly, two molecular-lewel
abstractions of similar systemsin dierent cells or organisms can be com-
pared for their behavioral similarity, to determine their level of homolay (if
ewolutionary related) or analogy (if evolutionary distinct).

The abstraction we preserted in this work however is still obscue in cer-
tain respects. The use of private channels as an abstraction of biomolecular
compartmerts raisesseeral problems including cumbersome, multi-step en-
coding of the formation of multi-molecular complexes,and a di cult y to ex-
presssimultaneous conditions on proximit y and biochemical complemertarit y.
Another limitation liesin the needfor eadh communication to involve exactly
two processesWhile intra-molecular everts can still be modeled by using
sub-processesjnteractions between more than two moleculescannot be ab-
stracted by a singleevert in the computational realm. Although this limitation
is biochemically correct (elemertary termolecular interactions are extremely
rare), it may raise problems in abstracting systemsfor which knowledge is
limited and cannot be broken down to elemenary processesAnother current
limitation to the transparency and utilit y of the abstraction is its purely tex-
tual nature and the lack of a graphical componert for the speci cation and
visualization of the abstracted systemand its unfolding.

Extensibilit y

Sud limitations in the understandability of the abstraction can often be over-
come by appropriate extensionsto the abstraction or to the mathematical
domain. Since we do not expect a single concisecomputational languageto
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be an immediate all-inclusive solution, the desired abstraction (or the math-
ematical domain) should be easily extensibleto capture additional real-world
properties without intro ducing major changesto the core abstraction. As we
have shown in the stochastic case,the well-de ned and concisedomain of the

-calculus is relatively amenableto extensions.Indeed, we have recertly ex-
tended the calculus and the abstraction to directly handle compartmernts, as
will be reported elsewhere[50].

A graphical extensionor translation of the abstraction is beyond the scope
of this work. Note, however, that graphical variants of the -calculus have
been previously proposed (e.g. [40]) and can serwe as a starting point for
the dewvelopmert of a graphical extension. Alternativ ely, the abstraction may
be translatable into other well-developed graphical formalisms, such as the
uni ed modeling language(UML, [48]).

Comparison to other represen tations

The two prominent existing computational approachesto biomolecular sys-
tems are \dynamical systemstheory”, basedon the \cell as a collection of
molecular species" abstraction, and the functional pathway databases,that
employ the \molecule as object" abstraction. In order to render the former
abstractions understandableanother layer of represeration (graphics, object
scheme etc.) is typically required; while in order to render the latter com-
putable an additional level of semartics and implemertation is required used
that adds dynamics and behavioral propertiesto an essetially static scheme.

Abstract computer languages,such asthe -calculus, o er a synthesis of
the bene ts of both represertations. On the one hand, the molecular world is
clearly abstracted into the computational one, in a way which is as relevant
and understandableas possible. On the other hand, the generated abstract
model is computable allowing both simulation and analysis of the modeled
system's behavior.

How does the -calculus abstraction compare to that o ered by other,
related languages,such as Petri nets [20], Statecharts [29] and linear logic
[16], that are now beingusedto represert various biomolecular systems2While
the abstraction to linear logic hasonly beenrudimentary developed[16], both
Petri nets and Statecharts are actively employed, and must be consideredas
alternativeswhen evaluating our -calculus basedapproad.

Petri nets (e.g. [20]) are one of the rst usesof the \molecule as com-
putation" abstraction, and have been primarily successfulas an abstraction
of metabolic systems.The computability of this abstraction is well-developed,
both in terms of simulation tools (e.g.[20]) and veri cation ones[19]. Further-
more, it is accompaniedby a pleasing graphical represenation which greatly
enhancesits utilit y (and which the -calculuslacks). However, the Petri net
based abstraction is closeto a \cell as collection of molecular species”, and
su ers from the samerelevane problems:it doesnot allow for the structured
represertation of molecular objects (which the -calculus does).
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Statecharts [29] are a highly relevantand understandablemodel of biomolec-
ular and multi-cellular systems, providing a structured and intuitiv e frame-
work for the abstraction of biomolecular systems. The graphical nature of
the languageis much more deweloped than the Petri net one and very use-
ful, and a variety of computational tools exist for qualitativ e simulation and
veri cation. Despite these major advantages, the abstraction lacks in under-
standability as, unlikethe -calculus,it is a purely qualitativ e framework, and
doesnot currently accommalate processquantities or reaction rates.

Clearly, eacth of these approaches has a di erent balance of bene ts and
limitations, and none represens a nal solution to the challenge posed by
biological systems.A full understanding of these di erences requires further
dedicated researd). We believe such researdt is important asa rst step to-
wards distilling and synthesizing an optimal abstraction of moleculesas com-
putations.
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