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Abstract

Systems biology takes the approach of modelling a (biologigatgm as a whole,
instead of starting from the individual constituents and putting thagethter (the
reductionist approach). In this thesis we model several biologisiems using
systems biology techniques and implement an automated simulatiormsyste
Out of several systems biology formalisms available we chiusdBrane Calculus.
The Brane Calculus offers an intuitive approach to modelling biologisiéms and
focuses on membrane interactions. We describe the HIV Idke,cthe Macrophage
function and the HCV life cycle in the Brane Calculus. Wentsow how we
succesfully implemented the Brane Calculus and simulatedaddvielogical systems
using this implementation. We also extended the Brane Caleuthsa stochastic
extension, allowing for quantification of molecules and membrames stochastic
decision making between applicable reactions. For the implenenta¢ used Java
in combination with the Tom plugin. Our stochastic extension malkesof the

Gillespie algorithm.



Table of contents

[EEN

0 ~

1100 (3 o3 1o o PSP 3
Introduction to SyStems DIOIOGY .........iiiiiiiiit e 3
2.1  Advantages of systems biology models...........cccoceriiiiiiiiiinieniinnn, 5
2.2 APPIICALIONS .. ..ot ettt e e enee 5
Introduction to the Brane CalCulUusS..............uteeeeeriiiiiiiiiiiieieeeeeeeiiie 6
i1l OVEIVIBW .ot ettt e ettt 6
3.2 BaSIC frameWOrK .......ccooiiiiieiei e 7
3.3 BitONal INTEraCtioN .........eviviiiiiiiiiiiieis e e e e e e e e e e e e e e e e e e e e e e e e e e e eeeeees 8
34 MOIECUIES ... 9.
3.5 Explanation of the rulesS............uieiiiii e e 9
3.6 Brane mMolecule reacCtion...........ccooeeeeeiiieeeeeeee e 12
3.7 Example: Viral Infection and Reproduction...........ccccceevvvvvneennnnnn. 12
Stochastic Extension to the Brane CalCulus........ccooooiiiiiiiiiiiiiiiiii, 13
4.1 SEOCNASHCITY....cciieiiieee e 14
4.2  Gillespie’s algorithm - OVEIVIEW ...........ouuuemeeiiiiiieeeiiiieiiie e 14
4.3  Gillespie’s algorithm - detailS...............ummmmmeeeeeeeeiiieii e, 16
Detailed outline of the biological systems implementeBrane calculi.......... 17
5.1 Macrophage fUNCHION .........cooiiiiii e et 17
5.2 HIV lIf@ CYCIE ..ot 19
5.3 HCV IfE CYCIE ...t 21
Brane calculus implementation ...............ooioceeeeriiiiii e 23
6.1 (g goTo ¥ Tox 1 o] o 1 (o TN o] o 1 R 23
6.2 Implementation OVEIVIEW .............oiiiiiiiiiiieemceeee e 24
RESUIES. ettt e e ae 28
Conclusions and FUtUre WOrK............ooooiiiiiiiimmmmn e 30
8.1 CONCIUSIONS ..ttt 4+ttt et et e e e et e eeeeeeneennnnennes 30
8.2 FULUIE WOIK....oiiiiiiiiiiiiii s 31
REFEIBNCES ... s 32



1 Introduction

With more and more data becoming available about biological precesse
pathways, greatly helped by the advent of new high-throughput techemlagi
becomes possible to gain a better understanding of what is goirrguordais. With
this better understanding it also becomes possible to come upetiién simulation
models. These models can then be used to make accuratei@mnedatiout how
certain biological or chemical reagents will influence ystesm, thereby greatly
reducing the need for wet-lab experiments and saving valtiaideand money.
Biological processes can be immensely complex and it is natifeh our grasp to
model them fully. However, certain elements are startingame within reach. In
order to model these processes a suitable modelling languageeruesent. Several
experimental formalisms exist nowadays. One of these is the bedculus, based on
membrane interactions. Membranes are sites of majortgativa biological system
and as such allow for a wide range of biological processes tondmelled.
We chose to implement this formalism and extend it withamtgative and stochastic
extension.

This report starts off with an introduction to systems biology mega and the brane
calculus in particular. Details of the stochastic extensiowd dahe actual
implementation are then presented. We then summarise oaulisresd finally

conclude the report with our conclusion and discussion of future work.

2 Introduction to systems biology

From a historical point of view, biologists and chemists hatelly tried to break a
particular system under review down to its smallest @artsstudy those in hope of
putting all these small parts together in the end. This wss dlie to practical
limitations, since the available experimental procedures saglysforced a 'one
protein at a time' analysis during the middle of the 20th cenfumg approach is
known as the reductionist approach [17].

However, the study of biological systems cannot be limited raplsgi listing its
components (proteins, genes, cells, etc.). Just as a comgilefeall the parts of a car

gives a vague impression about that car, it does not necgssash that one will be



able to understand how the car functions. Similarly, a deeper tanudirgy of
biological systems can help to make clear how these partsak and interact with
each other and with the environment they are in. In other words,tensievel
understanding is required.

More recently, a new approach has emerged, where thes aommiodel a system as a
whole instead of trying to model all the constituents in detdth an emphasis on
developing a mathematical model of the system. Such a mode¢hearbe used to
predict changes in a (biological) system and be iterattesied to prove or disprove
the model. The emergence of these types of model is largelytodtiee recent
technological breakthroughs providing us with new data about biologioaksses
[18].

DNA micro arrays, for example, allow us to collect data abatajlchanges in gene
expression and protein concentrations can be measured usingosEssnsetry.

Using these techniques, the systems biologist can propose a hypdtia¢sxplains
the system's behavior. This hypothesis can then be used to ratitadignmodel the
system. Models are used to predict how changes in the systewrsnment affect
the system and these models can be iteratively testedhéar talidity. New
approaches are being developed by quantitative scientists, suadmastational
biologists, statisticians, mathematicians, computer gstent engineers, and
physicists, to improve our ability to make the high-throughput oreagents needed
to accurately develop a (simulation) model [19]. With more ancibd#ta, we will
be able to refine and retest the models until the predictediibelfpredicted by the
model) accurately reflects what is observed in real liddolical processes [22].

To model systems biology, a process algebra is needed. Sewmathématical
modelling tools are available nowadays [1,21,22,23,24], each twitldvantages and
disadvantages . In this research we chose the Brane Calsutus éormalism. We
also extended this formalism with a stochastic and quawnétptrt to complement the

original.



Figure 1. Schematic diagram of systems biology and the range of uiissipivolved.
Taken from [15]

2.1 Advantages of systems biology models

The goal of the various formalisms is to model living phenomena@gaely as
possible. When this succeeds, a powerful tool becomes avaitaligeed up drug
development. When models are able to simulate biological pexegsh enough
accuracy, less in vitro and in vivo experiments are necessape the same
experiments can be carried out on a computer. Ultimately, tilidead to greatly
reduced development times for all sorts of biological products ardicimes in
particular. When systems biology advances, it will lead beter understanding of

all living matter around us [22].

2.2 Applications

As we further our understanding of biological systems it becomesibj®sto

accurately model biological pathways (both disease and healtyjyill have an



immensely powerful tool at our disposal to aid in target and drug digcove
Biological pathways are in general very complex. It is neyda predict the effect
changing one constituent of the system has on the system as e WWith an
accurate prediction model it becomes possible to predict thesetseffTarget
discovery will benefit tremendously since lead selection ddliver much better
leads, cutting down on time as well as money needed. Whemabdatd potential
drugs is added to the pathway model (with potential targetadgiridentified in the
previous step) drug development will benefit as well, sinceaot®ns (between for
example proteins) can be predicted to a certain degree sitico simulation will

suffice saving valuable lab time and money again [18].

3 Introduction to the Brane Calculus

3.1 Overview

Biological membranes have multiple functions and play part in a nuafbeellular
processes. Membranes act as selective barriers whiah aplls their outer
boundaries (plasma membrane), their inner compartment (orgjnalesallow an
oriented exchange of molecules, energies and informatiorebatthe cell and the
environment, and between certain intracellular compartmdsitdogical membranes
are, therefore, more than just an inert barrier or covetirgy, play an active part in
the life of the cell [25].

The most important feature of a biomembrane is that they fotwo alimensional
fluid (lipid bilayer) composed of a double layer of lipid class rooles, specifically
phospholipids, with occasional proteins intertwined, some of which iumas
channels [25]. The lipid bilayer is embedded in a threesdsional fluid(water).

The basic organization of the Brane Calculus is inspired by the Within fluid

membrane structure; the Brane Calculi is characterisedtwmy commutative

monoides, each repesenting a kind of fluid.



In the Brane Calculus, the specific transformation selectedirapired by some
biological constraints; however within the Brane calculus &ira¢ such constraint
can be refined or ignored. One of the constraints that magdobeted is the
preservation of orientation which is related to Bitonality, whieQuies nested

membrane to have opposite orientations as illusrated indabeadna below.
h' D
AOP
<> (¢)(o)

Figure 2. Examples of Bitonal reactions(from[1])

P and Q represent arbitrary subsystems; bitonality presamvatieans that the
even/odd parity with which components are nested inside membrandsbmus
preseved. P and Q remain on the same color background inesatiom; this means
that in bitonal reactions there is never mixing of fluids frioside and outside any
membrane.

3.2 Basic framework

Syntax and Reactions

Syntax

Systems P.Q := ¢iPcQi!Pic(PD nests of membranes
Branes g.7 = 0ialtiloia.c combinations of actions
Actions  abu=... (detailed later)

A membrane IPD
] ith actions o and contents
with actions o and contents P

Figure 3. Brane Graphical Notation(from [1])

We abbreviate a.0 as a, and 0(PD as @PD, and o0+ D as o(D.



Brane calculi Structures consist of two commutative monoids eilication: is
used forsystemgomposition , with units () | is used for composition aiembranes

, With units (0), (!) for a model a “multitude” of componentgl® same kind.

As illustrated in the syntax below (from [1]), Systems csinsf nested membranes;
membranes consist of collections of actions.

Reactions happen only at the level of systems and are cduysesttion on
membranes.

Actions may be bitonal actions of the membrane, bind and releaseplecular

interactions.

3.3 Bitonal Interaction
Definition

Bitononal interactions are inspired by endocytosis and exocitosislocktosis is a
process whereby cells absorb material (molecules such as prdtemsoutside by
engulfing it in their cell membrane. Endocytosis is the oppaditexocytosis, and
always involves the formation of a vesicle from part ofdék membrane
Endocytosis is divided into two processes: phagocytosis and paseyt
Phagocytosis (literally, cell-eating) is the process by whalls ingest large objects,
such as bacteria and viruses, and Pinocytosis (literallyddeKing) is the process
concerned with the uptake of solutes and single moleculesasuploteins by cells.
Each action usually comes with a co-action that it is intendedhteyact with

(pinocytosis does not have a co-action). (figure 4)

Bitonal Action

Actions  a:=... 19,1 0%(0)! 9y 01 8(0) phago ©, exo ©, pino @

Derived Bitonal Interactions

Three bitonal operation can be derived from the previous phago/exdimhes Mate
Bud Drip; Mate cause irreversible membrane mixing, as in e&od is similar to
phago and Drip is similar to pino, but without co-action as illustran the diagram

below.



’ o | One case
%=
| Arbitrary Fusion @
subsystem p—

Figure 4. Representation of the principal membrane operation (f&)m [

3.4 Molecules
Membranes can bind and release molecules on either sidesipofsthface as

illustrated in the diagram below

PP} = Gy (Gp)-P p

P1 a a4 o
GO

Figure 5. Bind and Release (from [1])
Chemical reactions that are specific to a given compartmersiecular pumps and

channels can be model by the bind and release action

3.5 Explanation of the rules

Luca Cardelli defined first a concrete syntax for membranefgtwation (section
2.1). The syntax is factored by a congruence relation and gy lveduction relation
is defined; the reduction relation includes the basic reductiohsahaspond to the
basic operation of Brane Calculus. The transitive closur@efreéduction relation

describes the possible, non-deterministic, evolutions of a ewafign.

Membrane structures that consist of a collection of nested raeetare formed of
patches , where a patch can be a composition of sub-patches,. An elementary
patch consists of an actiam Actions come in complementary pairs that cause

interaction between subsystems



Each Brane has a fixed collection of actions with a specificatipeal meaning in
terms of reductions.

Brane reactions :phago/exo/pino

o s I - _-
6 (9 — @
D4t a1

@ [p] T

(D - @

Figure 6. Phago, Exo, Pino actions operation (from [1])

Phago D0.01GAPD @ @y (p). TteCQD == 1t (pdole(PDDoQD
Exo DT (9. clo,(PDeQD == P o glogltt, 1QD
Pino @(p).clo,(PD =+ glg,(pl<DoPD

The phago action always comes with a complementary co-action

Here P Q are arbitrary subsystems o, , o are arbitrary patches, and the symbol
means reduce to (a number of different reductions may be posstlidé the same

configuration).

The exo operation models the merging of two nested membranes, staitd with

the membranes touching at a point. In this operation, the sabs¥ysgets expelled to

the outside, and the residual patches are contiguous.

The pino action creates an empty bubble within the membrane wieeptnthaction

resides; we can imagine that the original membrane bucklesdswhe inside and

pinches off. The patch on the empty bubble so creatisda parameter to the pino

action

1C



Derivable reaction: mate/bud/drip

maten.s mate- n-t G T
(= (@ wap (ra):
bud- (p)= p .
bud .o 2

B — &
dripl’l{lj)'g p o

(- = 6 @-

Figure 7. Mate, bud, drip operation (from [1])

mate,.clog{PD © mate®,. Tl (QD == * glogltlt,(PoQD

bud*u(p). ttabud,. clog(PD © Q) ==* n(olcydPDD o 1tdQD

dripa(p).clog(PD ==* (D o gloy(PD

The mate merges two membranes like exo, but the membaaeesot originally

nested.The budxpels a membrane from inside another one the opposite of phago, but

still wrapping an additional layer.

The drip operatioproduces an empty bubble like pino, but outside the membrane

The drip, mate, budperations are expressible in the phago, exo, and pino by simple

operations. All six operations have separate, direct, bi@bgigplementations, and

they can all be considered as primitives.

e @ - &)
-ﬁ->.

Figure 8. Abbreviation mate (from [1])

11

mate,olog(PD © mate*,1lw(Q) =

9O 010(PD © 979", 0. 0 3 1T60QD ™ ppgo
04 1t 0 (9,.016,(PDD 0 QD ==,

9 il OplologleD) Po Q) mebgy

olagltit(Po QD



bud*y(p).thtg(budy. clay(PY 0 QD =
8(9°(P).9y ). 0% 1100, 6lo,(PD © QD =y,

90 11005 (p).0p (0D 0 9,.0105(PD © QD = ppagoy
9% 10 (plolog(PDDD 0 Q) =g,y
plolay(PD o tltdQD

Figure 9. Abbreviation bud (from [1])

a(e(p).n,).04.c
o | 9401050 @(p). 9, (o DD 0 PD =y
» PD 6@ Sln.ﬁlﬁﬂﬂanqpqoﬂbﬂ = PD ﬂﬁxoﬂ
- pQl o cloy(PD

\ ' 3 B =
. — — c dripn(p).clogdPD =
@ 2, 8(@(p).On)). 0" n.0log(PD ==y
Figure 10. Abbreviation drip (from [1])

3.6 Brane molecule reaction
The operation here is the bind and release (B&R) and it edgeatieounts for

protein molecule including its interaction with membranes

systems | P.Q == .| m meM molecules
p.q = mye__°om, molecule multisets
actions a = . | pi(p2) = qi(q2) bind&release

("’Pl(Pz = q5(qz) B 3
T e G

Figure 11. Bind and Release operation (from [1])

B&R  p; © pi(p2)=91(q2).ot|olp, © PD == q; © a|clq, © PD
\_.j k‘-—-—.____.——-";

3.7 Example: Viral Infection and Reproduction
As a membrane computation, a virus infection can be summarizidlowed

1. A virus approaches a cell, thus the cell “eat” the virusfamd a vesicle from part
of the membrane.

12



cell + virus _phago cell (vesicle)

2. Inside the cell. The virus is approached by an endosomigi¢isato digest it.

Cell (endosome + vesicle)___mateell ((endosome + virus))

During the digestion, the virus is designed to interfere witheth@osome and to
release its RNA content into the cytoplasm of the cell.

Cell ((endosome + virus)) exo cell (endosome + VRNA)

4. Now the RNA of the virus is inside of the cell and it carubed for the proteins
synthesis through cellular machineries.

Cell (endosome + VRNA) cellular machinerycell (viral protein + VRNA + viral

envelope)
5. When the new virus components are build, they are assembédeiognd a new
virus exits from the membrane of the cell.

Cell (viral protein + VRNA + viral envelope) bud cell (enolo®) + virus

;':::., } Nucleocapsid

B l Cytosol I
O (B
Dhasmnbly vRNA
“mx ‘ — Replication

{via Golgi)

Reticulum

Figure 12. Viral infection and reproductiqfirom [1] p.279

4 Stochastic Extension to the Brane Calculus

The original Brane Calculus as proposed by L. Cardelli [4] asialitative formalism.
Since almost all biological processes involve some stochasticextension that
includes this along with some quantitative aspects is desirsdé¢ have attempted
here to include these aspects. What follows is a short intioduto (general)

stochastics and an overview of how we implemented this isysiem.

13



4.1 Stochasticity

A stochastic process is a process whose behaviour is non-destionin the respect
that the next state of the environment is partially but not fdéitermined by the

previous state of the environment.

An example of a stochastic process in the natural worldesspre in a gas. Even
though (theoretically speaking) each molecule is moving in ardetistic path, the

motion of a collection of them is computationally and pradfiicunpredictable. A

large enough set of molecules will show stochastic charaateristich as filling the

container, exerting equal pressure, diffusing along concentratoiegts, etc. These

are observable properties of the system.

Most biological processes involve stochastics of some sort. Forpéxathe process
of proteins signalling cells is dependent on, among other thingxancentration of
these proteins and cells. Just like the pressure of a gasnpractical to model this in
a deterministic way. A good alternative in modelling thitisise stochastics.

In our research, stochastics are used to determine whictioreaut of the possible
reactions is going to occur in the next (time) step. This cansb@lised as a number
of membranes and proteins having the possibility to interatteif aire in contact.
Whether a specific reaction occurs depends on both the concentratidre aaddtion
rate of this specific reaction. An algorithm is needed to coengghe next reaction in

line. We use Gillespie’s algorithm which will be explainedhe following section.

4.2 Gillespie’s algorithm - overview

In 1977 Dan Gillespie published an algorithm [9] to compute the likelihafod
reactions between molecules. The algorithm is particularlyuldef simulating
reactions within cells where the number of reactants (ligandeembranes, proteins,
etc) is relatively low. Traditional continuous and determinidiiochemical rate
equations are not able to accurately predict cellular reactione they rely on bulk
reactions that require the interactions of millions of moleculHsese type of
reactions are typically modeled as a set of coupled ordindeyefitial equations.

In contrast, the Gillespie algorithm allows a discrete andhsistic simulation of a

system with few reactants because every reaction is diplgimulated. When

14



simulated, the Gillespie represents a random walk that lgxagpresents the
distribution of the Master Equation [10].

The physical basis of the algorithm is the collision of moksuWithin the
environment where the reactions occur. It is assumed thationdliare frequent, but
collisions with the orientation and energy needed for a reactomctur are
infrequent. Therefore, all reactions within the Gillespianieavork involve at most
two molecules. Reactions involving three molecules arar@asiwo be extremely rare
(this is a very reasonable assumption since in realplifeesses these reactions

seldom occur) and these reactions are modeled as a seqtiéisinary) reactions.

Below is a summary of the steps to run the Gillespie algorithm

1. Initialization : Initialize the number of molecules and membranes in the
system, reaction rates and random number generators.

2. Monte Carlo step Generate random numbers to determine the next reaction
to occur as well as the time taken by this reaction.

3. Update: Increase the time by the randomly generated time instéjpdate
the molecule and membrane count based on the reaction séhestiepl 2.

4. lterate: Go back to step 2 unless the number of reactants is zero or the

simulation time has been exceeded.

So the likelihood of a certain reaction happening (this can be fampeaa

Phagocytosis reaction or a Bind & Release action) depends on beothntentrations
of the membranes and/or molecules involved and their correspondictgprerates.
A step by step analysis of the algorithm as implemented irsysiem is detailed in

the next paragraph.
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For all © = fn(A4) calculate ax = Acte(A4) + rate(x)

Store non-zero values of ax in a 1t (xp, 0p), where e LM,

Caleulate ag = Y0, aw

Generate two random numbers r nz € [0, 1] and caleulate 7, g such chat:

[N

T =(1/aa)In(1/n,)

n

p—1
Z Iy < Rodn = E Qg
=1

5 Next(d) =z, and Delay(4) =T.

Definition 12. Chleuloting Next(A) and Delay(A) according to Gillespie [6].

Figure 13. Overview of the Gillespie algorithm. Taken from [11]

4.3 Gillespie’s algorithm - details

Figure 13 shows the algorithm as implemented in our Brane Calstdgbastic
extension. In the first step all possible reactions are gathenore details about how
this is done can be found in the ‘Implementation’ section), includingrrnmdtion
about the quantities and reaction rates of the membranes andgnotelved.

Rate(x) specifies the reaction rate of the reaction x angdActhe product of the
guantities of both reactants (for example if there is a ®hagsis reaction this
product will be the amount of membranes containing the Phagocytasm ac
multiplied by the amount of membranes containing the Co-Plytags action.

In step 2 the value for each reaction is calculated. Thealue of a reaction is the
product of Act(A) times the Rate(x) value. This information is then stdrean
easily accessible format. In step 3, a summation over\alues is computed, this
gives us . Now the actual computation of which reaction will happen next
performed. First two random numbers between 0 and 1 are genarasad n.
Now represents the time it will take for the reaction to firésd iterating through
all possible reactions, one of these is selected to heettieone to occur. As would be
expected, reactions with a highetvalue (so either the reactants are present in higher
concentrations, the reaction rate is higher, or both) have a hiplaece of being
selected. However, every possible reaction has a certaotiaked probability of
being selected. In this way, it is ensured no dead-lock caur,omith one reaction

completely taking over, for example.

16



In our extension, quantities are assigned to membranes and to meleRahction

rates are associated with the actions on the membranes.

In convential brane calculus the Phagocytosis rule is as follows:

n |oP n() lo Q | o | o P Q

Equation la.

Now with the stochastic extension, quantities and rateaddted to this, resulting in

the following rule (of course quantities and rates will vary):

1 .@L [oP 1 ,()@L |0 Q 1 o | o P Q
Equation 1b.

This represents the fact that one membrane with the Phagocgtigis and a
membrane with the Co Phagocytosis action will result in aticea with one
membrane as shown on the right hand side of the arrow. Dir@itély the action
symbol a rate has been added of the fo@rdte. Note that these rates are all
relative, so a rate of one means one reaction occurs per @men unit.
When two actions are involved in one reaction, the averagesré&an, but usually

these rates will be the same for both actions.

5 Detailed outline of the biological systems impleméead in
Brane calculi

5.1 Macrophage function

Macrophages are types of white blood cell, or leucocyte, fourallinertebrate
animals. They are specialized in the removal of bacterthother micro-organisms,
or of cell debris after injury. Like phagocytes, when a mjlcage ingests a pathogen,
the pathogen becomes trapped in a food vacuole, which then fuses ystisante.

Within the lysosome, enzymes and toxic oxygen compounds digest therinvade

17



- L
Figure 14. Macrophage ingesting a pathogen(from[3])

The process is as follows:

a. Ingestion through phagocytosis; a phagosome is formed

b. The fusion of lysosomes with the phagosome creates a phagdkerpathogen is
broken down by enzymes

c. Waste material is expelled or assimilated (the laibepictured)

Parts:

1. )Pathogens2.) Phagosomes.) Lysosomes4.) Waste materiab.) Cytoplasm

6.) Cell membrane

Pathogen n x a phago action on the membrane with content x
Membrane I(mate) n|! a phago co-action and an exo co-acton
Lysosome Imate| membrane with a mate co-action and a

phago action
Phagolysosome Imate| X
X wasted materials
The cell ingests the pathogen through the phago action and a phagegommed.
n x ol(mate) n|! !mate| 0 Z phaga
In the cytoplasm the lysosome co-acts a mate action vathithgosome.
I(mate) n|! mate x o !mate| 0 Z mate
After digestion by the lysosome enzymes, the wasted matiriedsning out the cell
by the exo action.

I(mate) n|! !mate|] x o0Z exo !(mate) n|! Imate| 0Z oX

18



5.2 HIV life cycle
HIV stands for the Human Immunodeficiency Virus and is a Retravirlisis

responsible for AIDS (Acquired Immune Deficiency Syndrome). colfitains a
special viral enzyme called Reverse Transcriptase, whiclsathe virus to convert
its RNA to DNA and then integrate, and take over, a agis genetic material. Once
taken over, the new cell - now HIV infected - begins to prodoews HIV
retroviruses. HIV replicates in and kills the helper Tszelthich are the body’s main

defence against illness. The different stages in the \llastrated in the following

diagram.

Figure 15. HIV life cycle(from[4])

1. Attachment CD4-gp120 Interaction Gp120-Chemokine Receptor Interaagtios:
binds to the cell at two receptors sites: CD4 and Chemokoept@r.

2.Viral Fusion/Uncoating: virus penetrates cell contents empttedhe cell

3. Reverse Transcription: single strands of virus RNA are cted/ento double-
stranded DNA by the reverse transcriptase enzyme.

4.RNaseH Degradation

5.Second Strand Synthesis

6.Migration to Nucleus

19



7. Integration: viral DNA is combined with the cell’'s own DN# the integrase
enzyme

8.Latency

9.Early Transcription

10Late Transcription: when the infected cell divides, thal \iiNA is read and long
chains of protein are made.

11.RNA Processing

12.Protein Synthesis

13.Protein Glycosylation

14. Assembly of Virion: sets of viral protein chains come tlogie

15. Viral Budding: immature virus pushes out the cell, taking soglientembrane
with it.

16. Virion Maturation: The protein chains in the new viral patiate cut by the
protease enzyme into individual proteins that combine to makekangorirus.

17. Other: immature virus breaks free of the infected cell

Using the Brane formalism the overall cycle can be reptes as follows

HIV virus matg mate: , VRNA three nested viral
membranes: viral envelope with a mate action on it, nucleoesiplope with
another mate action on it, and a supplementary membrane (with ¢Bhtant) with

an exo actiopn on it.

T4cells membrane (nucleus o Z)
Membrane Imate n|! a mate co-action and a phago action.
Nucleus Imaten’| n membrane with two actions: a mate co-

action and an exo action.

Viral-envelope bud (matey)
Nucap capsidmate> , VRNA
Capsid bud|X

Virus infection and replication
The virus is going into the cell through a mate action that\aith a mate co-action
in the cell’'s membrane.

matg, mater ., VRNA o 'maten|! 0Z o!maten’| n maten
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Imaten |! mate: n VRNA o Zo!maten’| n

I (VRNA) (vDNA) : reverse transcription in to the cytoplasm.
Migration to the cytoplasm, through a mate action.

Imaten |! mater , VDNA o Zolmaten’| n maten’
Imaten|! I!maten’] n , VDNA o0Z

I' (vDNA)  (VRNA): transcription in to the nucleus

Imaten|! Imaten’] n , VRNA 0Z exon

'maten|! I!maten] n oVRNAoZ

VRNA ® VRNA o vVRNA: viral replication.

Syhthesis of viral proteins, envelope proteins through cellulahimeiges
IWVRNA( ) VRNA( ).drip(capsomers)

IWVRNA( ) VRNA( ).capsid

IVRNA( ) VvRNA( ).drip( viral-envelope) nucleus

Infected cell

Budding and liberation of new virus.

Imaten2 |! bud (mate\,) o'maten2’| , o'bud|X mate,’
n2 VRNA 0Z exo

Imate n2|! |bud (matey) 'bud| matg, 2 VRNA o'maten2’| , o0Z

bud !mate n2|! 0Z o!maten2’| n 0 matg, mate> ., VRNA

5.3 HCV life cycle
HCV (Hepatitis C Virus) is a hepatotropic virus that causéiepatitis C, an

infectious disease leading to liver inflamation. Chronic hépatan result later in

cirrhosis and liver cancer. The
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Figure 16. HCV life cycle (from [5])

The process is as follows:

Life cyle:

Bin ding of HCV to a cell surface receptor.

Cytoplasmic release and uncoating of the virus genome.
Translation

Polyprotein processing by cellular and viral proteases.
RNA replication

Packaging and assembly

Virion maturation.

© N o 0k~ wDdPR

Release from host cell.

Structures for defense

a. Occupation of receptor leads to destruction leads to signal traimsduc
(anti-viral status).

b. Binding of NK cells leads to destruction of infected cell

c. T cell epitopes of HCV presented on the MHC molecules tdtget
infected cells for the attack by HCV-specific cytotoxic dlls

9.
HCV virus n n VRNA
Liver cell membrane(Z)
Membrane ' n( n|! n
Vesicle n n VRNA
Viral-envelope bud ( n n)
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Nucap capsid VRNA
Capsid bud|X

Virus infection and replication
The virus penetrates into the cell’s cytoplasm through a phagm actid a vesicle is
formed.
n nvkRNA o! n( n)! n Z phagon
The vesicle co-actio a exo action with virus to push theA/Rftb the cytoplasm.

' n( n! n nvRNA o0Z exon

' ' n( n]! nn vRNAo n oZ

VRNA ® VRNA o VRNA: virus replication.

IVRNA( ) VRNA( ).drip(capsomers)

IWVRNA( ) VRNA( ).capsid

IWVRNA( ) VRNA( ).drip( viral-envelope) nucleus

Infected cells

Budding and liberation of new virus ready to infect new cells

' n2( n2)]! n n.bud ( N2 n2) olbudlX VRNA o0Z exon’
' n2( n2)]! n’|bud ( n2 n2) 'budlX VRNA o0Z bud

' n2( n2)! n Z o0 n2 n2 VRNA

6 Brane calculus implementation

6.1 Introduction to Tom

Since our implementation makes extensive use of the Tom pluginq2jill give a
short introduction to Tom here.

Tom stands forToOne Matching’. This stems from the original idea of adding pattern
matching facilities and the fact that when solving a matgiproblem, only one

subject is considered. It is a pattern matching compiler dpedlat INRIA [13]. It is
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especially well-suited for programs involving transformations agstend/or terms. It
can also be used to parse XML documents.

Tom adds a new matching primitive to Java (we used Tom in catntm with Java;
it can also work as a plugin to C): %match. This construsinslar to the match
primitive found in functional languages: given a term (calledigest) and a list of
pairs of the form ‘pattern-action’, the match primitive sedeq pattern that matches
the subject and performs the corresponding action. This constnudiecseen as an
extension of the switch/case construct as used in Java. Thaliffi@ience is that the
discrimination occurs on the term level and not on the atoniesdike characters or
integers. These patterns are used to discriminate andveestinformation from an
algebraic data structure. Tom also allows the definition of, n@igebraic data
structures, making it a very flexible extension. These aspéots for programming
by pattern matching. Since the brane calculus can be seen eam aetwriting

language Tom has proved to be a very useful tool in implemethisiéprmalism.

String who = “World”;
%match(String who) {
“World” -> { System.out.printin(“Hello “ + wh 0); }
-> { System.out.printin(“Don’t panic” ); }

}
Figure 17. Example ‘Yomatch’ construct in the Tom language

Consider figure 17: Tom will look for a match of the string ‘wig’ checking the
patterns. The first pattern is “World”, so it will only toh the ‘who’ input string if it
is exactly that string. The *_’ pattern is used as a wildcswodt will match anything.
This example is a very simple one, but much more complexpattan be created as

we will show later on in this chapter.

6.2 Implementation overview

For the implementation we made extensive use of the Tom plugicrifmkzs above).
This allowed the code to be similarly structured as theebcaftulus formal rules.
Tom allows the definition of new algebraic data structures laaids what we used to

define the brane calculus constituents. The definition followsbitame calculus
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definitions as defined by L. Cardelli [1] closely, with awf exceptions for
implementation convenience.

A brane calculus system consists of a membrane, a moleca@ecomposition of
systems. A difference with the brane calculus definition fetkat we implemented
the composition construct (‘comp’) as a list instead of a bireationship. This does
not influence the way the formalism works, given that the oridirene calculus has
associative congruence rules stating that ‘P o (Q o R)=Q) o R'.

In our stochastic extension of the brane calculus. molecules amdbrares have
guantites associated with them. A membrane can be further brokenmtova brane,
upon which patches with actions reside, and the contents of thdraren The
contents consist of a further brane calculus system.

A brane can hold any number of patches and a single patd¢toltha single action.
Each action has a reaction rate associated with it, whittevused in the Gillespie
algorithm. Using these constructs, a full brane calculusraysa® be built which then
can be subjected to the program. The core of the progrdma isle matching part.
Each rule in the brane calculus corresponds to a (Tom) pattdra pragram against
which a system can be matched. Sometimes more than one atised, but this is
only for symmetry reasons. That is, two rules might be exjplidéfined to allow the
matching of two associated actions (for example a Phagocytosls aa Co
Phagocytosis action): one for the case where one action is biefoother action in
the list and one for the reverse. It might be possible to dantiust one rule but we
feel this would reduce code readability, which was deemed inguertant here,
especially considering the fact that this implementation mightused in further
research.

An example of the Phagocytosis rule is given below:

n |oP n() lo Q | o | o P Q

Equation 2a.

In the implementation notation this rule is represented asrshofigure 18.

comp (A*,

memb(brane(b1*, patch(al@action(pl, rl, Phago(), co 1, Active()),
id1), b2*), contentsl, q1),

B*,
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memb(brane(b3*, patch(a2@action(p2, r2, Phago_co(),
Active()), id2), b4*), contents2, g2),

c¥) ->

}

{

bSystem successorSystem = “comp(
memb(brane(patch(processAction(a2), id2), b3*, b4*

comp(injectNil(nemb(brane(co2),
memb(brane(patch(processAction(al), id1), b1*, b2*

contents1, newQuantityl), newQuantity2)),
contents2),

newQuantity1),

memb(brane(b1*, patch(al, id1), b2*), contentsl,
OldQuantity1),

memb(brane(b3*, patch(a2, id2), b4*), contents2,
OldQuantity?),

A*, B*, C*);

Figure 18. Phagocytosis rule in the implementation

co2,

The different quantities (newQuantityl, newQuantity2, OldQudnhti®dQuantity?2)
all depend on the quantities and rates as matched by rl, ql, r2gzand

The left hand side of the rule is the part that will betahed against a system. Only

the general structure and the Phago() and Phago_co() are cusstfze rest are

variables that will be instantiated during matching.

When a system is evaluated, this is done in a recursiye Seafirst the components

of the system at the top level are investigated, tlmenslystems that are inside

membranes at this top level are examined and so forth.

The steps that the program goes through are as follows:

Two situations can occur:

I. A rule can be applied

1. Read in the brane calculus system and add it to the stack

2. Evaluate the system on top of the stack and see if anganlee applied

a. The successor state and associated reaction rate anii@giahtnvolved

membranes are returned.

b. Since the system is a recursive one, it is only possitdedurately return
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one system at a time. So the successor state is retbutesince more rules
might be applicable, the system must be examined agairtheittule that was
just applied deactivated. This necessitates at leastrahpossible two more
runs of the evaluating function since the rule might involvedsaociated
actions (for example Phagocytosis and Co Phagocytosis) andflibése
might be involved in another reaction.
So one or two new systems are added to the stack (depending orahgw m
deactivated actions have to be considered).

. Remove the system currently under investigation from thé& stac

c
d. Go back to the start of step 2

[. No rule can be applied
a Remove the system currently under investigation from #uk st

b. Go back to the start of step 2

3. When there are no more systems are on the stack, allthaecan possibly be
applied to the current system have been gathered. Thetapxs to decide
which reaction is going to happen. To do this an implementafitme
Gillespie algorithm is used. A detailed explanation of &hg®rithm can be
found in the section ‘Gillespie’s algorithm — details’.

Step 3 therefore consists of selecting which reaction is doibg applied.
4. When a reaction has been selected, the corresponding sucstass® added
to the, now empty, stack and the whole process is repeatedtiepra

onwards.

5. The system halts when either no more successor statbse camputed or the

pre-configured iteration or time limit has been exceeded.

An example iteration of a simple brane calculus system céoube in appendix A.
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7 Results

We were able to accurately implement the brane calculuessilbed in [1]. The
following rules were implemented: Phagocytosis, Exocytosis, Piosis, Mate, Bud,
Drip and Bind & Release. With these rules, it was possiblempleiment the
biological systems that we propose to simulate. We also ingpiesd the viral
infection example system as described in [1], an adaptidimecSemliki Forest virus
system[14]. Using the system with stochastics disabledapplying the appropriate
rules, a viral infection loop (i.e. cell gets infectedinus, virus uses cell machinery
to replicate, virus buds from cell, the cycle repeatsfjtsel

Since multiple rules can be applied at various steps in tduegs, the appropriate rule
needs to be selected by hand. This seems to be a drawbhekbrame calculus in its
current form, since there is no way to choose between applicdéte This can be a
cause for problems since sometimes the premature applicatesp#cific rule can
prevent the proper completion of a biological process. An exaaiplés would be
the usage of viral RNA to build a nucleo capsid before the RN is replicated,
thereby preventing the production of a viral envelope by the Endoplasticukm
(viral RNA is needed to produce a viral envelope). The viroslavnot have any way
to bud from the cell and the whole process halts (until new RIX& is inserted into
the cell).

Our stochastic extension solves this particular problem to sateetdy associating
a stochastic rate and a quantity to each membrane and eol8gusetting the
appropriate rates and quantities, the system can be simulatedutvany user
intervention, letting the Gillespie algorithm choose the rolepply at each time step
and setting the different quantities accordingly. This stgluits in some rules being
applied prematurely but setting the rates appropriately minintizgsresulting in an
accurate simulation of the process. In our previous exampglevthild mean that part
of the viral RNA would be involved in the formation of nucleocapdis a
stochastically selecter other part of the viral RNA wouldriwlved in viral RNA
reproduction and the production of viral envelopes thereafter. Taeseusually are
not given in the biological literature. Obviously these areedditive rates as well, so
they must be calculated on a per-case basis. We usedndtgqgamtities based on our
own estimates. Setting these values is an arbitrary prbogsisis is common to most

stochastic systems, especially in biology.
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The macrophage system is, relatively speaking, the simplettm. Simulating it in
our implementation proved to be no problem and the results were astexkp
mirroring the intermediate systems and resulting systeralaslated by hand.

The HIV system is a more complex system and thus more error.pfbeenon-
stochastic simulation with user guidance delivers the desinealation results, going
through the infection, replication and budding steps exactly as Wadlatad by
hand. A trace of this system in action can be found in appéndi

One disavantage with the Brane caculus is that the rules cée datectly applied to
all kind of biological systems. That is what happened with thé dystem; using the
rules, we had to model something slightly different to the &biodogical system We
modelled the vivrus as matenatey, , VRNA | adding in a supplementary
membrane, to make it work. To accurately reflect the Blicture it should have
been something like: matenate: , VRNA

The stochastic version without user guidance results in some unotieinal
membranes and molecules being produced but tweaking the inititibreeates and
guantities minimizes this and the main pathway delivers simglsults as the non-
stochastic one, with the added benefit of having quantities iassbowith each
membrane and molecule. The most important part in the virusyiifie is the reaction
catalysed by the reverse transciptase(RT), (ie is trergevranscription of VRNA in
the cytoplasm of the T4 cell); each virus has two copies A Rnd the rate of
infection is about 1% virions in 24 hours per virus, and that is if the two copies of
VRNA have been transcribed. So to know if the infection succeenlst @lepend on
the the quantity of the vVRNA and their ability to be traited.

The HCV system yields similar results as the simaohatf the example viral infection
system as introduced by L.Cardelli [1]. This is not sumpgsas large parts of the

system are quite similar.
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8 Conclusions and Future Work

8.1 Conclusions

We have implemented and extended the brane calculus [1]. Oumegigtion was
used to simulate a number of biological processes. The simulasuits were
accurate and mirrored the examples given in the literature.sfochastic extension
allows simulation of biological processes without user intereantnd adds a
guantitative element to the previously qualitative simulafidre added complexity to
the system with the stochastic extension is the factqunantities and reaction rates
must be set. This is often an arbitrary process sinceatee and quantities are not
directly deducable from the biological description of a processniication of the
biological constituents in a reaction are still difficult tafpem but would give good
estimates to set the rates and quantities in the simulataoiel.

The brane calculus, with the stochastic extension, is a ufafulalism when
biological processes need to be described that involve memimtanactions. Other
reactions can also be modelled, but a different formalism prplvadlild be more
appropriate. For systems like the ones we modelled the nuksyatax of the brane
calculus are very suitable and intuitive. It can be quite dioatpd however, to build
up a more complex system such as the HCV system. Thenédalt reactions occur
on the membrane level means a single brane on a membrane cane bgaite
cluttered with patches. Of course, in real life the memésaare even more complex
and littered with proteins sticking out so it is not necessaritiyawback that things
can become complicated. A graphical notation of the systemditian to the brane
calculus notation greatly improves readability especially stheelocation of each
patch greatly influences the outcome of a system because enhpranes that are
orientated in the right direction can interact.

In conclusion our stochastic extension and implementation of the babmgus form

a step forward in the development and implementation of this femmalnd in the
modelling and automated analysis of biological systems. The malqgocesses we
implemented show that the brane calculus has good potential in mgdeld

simulating real life biological pathways and systems.
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8.2 Future work

The current representation of our system in code was kepeas ab possible but
with larger systems it can become complicated to see gbes where. A user
interface with some sort of graphical input and output would greweyove the
setting up of a system. Currently the system status (inclairaystems present and
their quantities) is shown after each time step, the trackiagspecific type of system
or a single system is not explicitly possible. A graph of quastitiver time would
also greatly enhance result checking after a simulatian run

The syntax and rules are also open to extension with some possiblelcady
mentioned in [1]. New rules should be straightforward to adtidcatready existing
ones since no rule depends on another one, allowing for easy additiorogalreimna
particular rule.

It would also be interesting to see more biological systémslated and see whether
similar results to the ones we got in this researctbeavbtained.

Lastly it remains a challenge to simulate biological systenth accurate quantities
and reaction rates. Improved data about these systems, obfeanedwet lab
experiments, will make simulations more accurate and incthasaisefulness.
Ultimately, it is our hope that these models will help in ddiggovery (through the
prediction of target proteins and molecules) and drug development (through
prediction of pathways and the effect specific proteins and mebageats will have
on these pathways).
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