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Modehng, analysmg, querymg

* huge quantities of data (Human Genoma PrOJect, completed 2000) — systems blology;
* understanding the dynamics between biological components;
* classical biological methodologies focus on the components, loosing the whole evolutions;

* in silico experiments help in predicting in vitro o in vivo experiments

in silico
model results —
. t approach technique /
Setting A
up
biological o .
experiment A > bio - results

A

new data/functional - knowledge

de Jong. Modeling and simulation of genetic regulatory network, 2000
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Stochastic approaches
* Simulation
* Steady state analysis

Process algebras and ODEs
Level of abstractions and process algebras
Logical approaches
— Probabilistic model checking
— Model checking and learning rules
— Pathway Logic
Static approaches
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Stochastic models
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Continuous simulations
(high concentrations — continuous evolution - deterministic behaviour)

Stochastic simulations
(few hundreds of components — discrete evolutions — non-deterministic
behaviour)

Biological systems:

e With identical conditions, the same cellular process, in different cells,
may evolve along distinct pathways

e At macroscopic level the organism behaves deterministically,
at microscopic level the processes are inherently random.

Meng et al. Modeling and simulation of biological systems
Pisa, July 21, 2006 with stochasticity, 2004 4




Intrinsic stochasticit
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Chemical Master Equation

M M
P(Xy,. .. Xy t+dt)=P(X,,. . . Xy t)[1- 2 % dt]+ ¥ B, dt
M= S

d M
aP(Xn..-,XN; t) = ;EI [B, - a,P(X,,...Xn; t)]

" dt = probability that an R, reaction will occur in volume V'in (t, t +dt), given that the

system is in a state X at time ¢

B " dt = probability that the system is one Rj reaction removed from the X and undergoes

the Rj reaction in time (7, t + dt).

describes the transition of a system from one state to another state
using probabilistic methods
Pisa, July 21, 2006 5



Glllesple algorlthm 1/2

—, —.
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C,= average prob per unlt tlme that a partlcular set of reactant“ molecﬁles

-, M _--'\-\.

will both collide and react according to the Ru reaction expression.

hy = number of distinct R“ molecular reactant combinations available in

state X

a, exp(—aor) if0<r7<=and
P(r, u) = u=1,.,M
0  otherwise

reaction probability density function

M M
a,u. = huc)‘.l- (lu' = 1!"'!M) aﬂ u? au = 2 hycv

1 p=
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Gillespie algorithm 2/

i
e
)
0
{
)
)

The derived algorithm:

| Initialise M reaction constants ¢y, ..., cy; N molecular numbers [Xy], ... [Xy];
L VL 's ol Le ; L el
' t :=0; and a random number generator

2. Calculate a, for p=1,..., M

3. Generate two random numbers r; and r, using a unit-interval uniform random
number generator and calculate (p, 7) according to

p—1 i
!:['A
Yo <nw< Yo 5 A=
=1 v=1 dp)
1 1
T=|—)xIln— = Pofr)=ay exp(-ay )
(Ly) "
4. Set t:=t+71
change/update the numbers of molecules to reflect the execution of reaction R,
oo to 2.
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- calculus and 1its biochemical interpretation
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Syntax 7 : = ?x(y) | !x(y)
P:= 012_ 7w PIPIP, IP+P, |(newx)P |!P

Reaction rules

(.. + 1X(2).Q)I(..42X(y).P) ----> QIP{z/y}

P--—>P P —>P Q=P P ---->P' P'=Q'

PIQ ---->P'1Q (new X) P ----> (new x) P Q---->Q'
molecules processes
interaction capabilities common names
interaction communication
compartimentalization bound names

Pisa, July 21, 2006 g



m-calculus and 1ts biochemical interpretation

e i i e e e e e i e e e e e e e i e G e e e i i e i W e i
lw(y) MW(x)
molecules <--> processes
’y(x) 12(t) 22(x)
'm(l) 'm(z) interaction capabilities <--> common names

RTK ::= (new backbone) (Extra | Transmem | Intra)  domains <--> sub-processes

compartmentalization <--> private channels

Active_kinase :: = !phosp_site(p_tyr).Kinase
Mod_Bind_domain ::= ?phosp_site(tyr).!tyr(t)

modifications of motifs <--> channels passing

Regev et al. The 7m-calculus as an abstraction for biomolecular systems, 2004

Pisa, July 21, 2006 | 9



n-calculus and its biochemical interpretation
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(#(2),76)-Q) | ((y),70)-P) =5 Q | P{z/y)

L. ry-Tp T .

., P’ { h =10+ In.(Q)

P
P | Q :il';lr’*h.’ir«;}.:r*'rl} P"F | Q T‘i T1 + Of.ﬁt;}j (Q)

;E;i"b ' .

» P’
» (vx)P’

=
|

T, T T T

(vax)P

Q — P _P ITTE;'T‘”'T‘]_R P.F PJ’ — QI
O (0 T1) Q'

\ Stochastic rate constant

— % % — *
o«,=r,*(r,%r )=c, * h,
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Tool: BioSp1 2.0
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Each prefix 1s associated with a base rate and type (instantaneous, symmetric or asymmetric).

(7, X (#A) x (#B) for bimolecular reactions
(homodimerization excluded)

.. = & . A_ . ) . .
g Ty X (#4) Xé#"l Y for homodimerization
L Ty X #A for monomolecular reaction
Protein A
(# molecules)
70
60
%0 example of BioSpi results for
© regulation of gene expression
-TFgene ..
by positive feedback

20
10

L=
—r

Priami et al. Application of a stochastic name-passing calculus to

representation and simulation of molecular processes, 2001.

Pisa, July 21, 2006
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Tool: BioSp1 2.0
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.Root_Glucose.comm(.UDP_Glucose.to root!)

BlOSpl 2.0 also traces all the actions Disabled Branched Glucose,comm(.UDP Glucose.to root!, .UDP Glucose.to root!, 1, 4,
4, global.branch(l)!, global.cleave(l)!, global.glycogen(l)!)

executed in a (3()IIlI)lf3t€3 run Disabled Branched Glucose.comm(.UDP Glucose.to root!,.UDP Glucose.to root!, 2, 3,
3, global.branch(l)!, global.cleave(l)!, global.glycogen(1)!)
Disabled Branched Glucose.comm(.UDP Glucose.to root!,.UDP Glucose.to root!, 3, 2,
2, global.branch(l)!, global.cleave(l)!, global.glycogen(1)!)
.Branch Point.comm(.UDP_Glucose.to_root!, BCE_Glucose.new to root!,
.UDP_Glucose.to root!)

Disabled Glucose,comm(BCE_Glucose.new_to_root!,.UDP Glucose.to_root!, 1, 8, 0,
global.branch(1)!, global.cleave(l)!, global.glycogen(l)!)

Disabled Glucose,comm(.UDP Glucose.to root!,.UDP Glucose.to root!, 2, 7, 0,
global.branch(l)!, global.cleave(l)!, global.glycogen(l)!)

Disabled Glucose.comm(.UDP Glucose.to root!,.UDP Glucose.to root!, 3, 6, 0,
global.branch(1)!, global.cleave(l)!, global.glycogen(l)!)

BNCE Glucose.comm(.UDP Glucose.to recot!, .UDP Glucose.to root!, 4, 5, 0,
global.branch(1l)!, global.cleave(l)!, global.glycogen(1)!)

BNCE_Glucose, comm(.UDP_Glucose.to _root!, .UDP_Glucose.to root!, 5, 4, 0,
global.branch(1)!, global.cleave(l)!, global.glycogen(1)!)

BNCE Glucose.comm(.UDP Glucose.to root!, .UDP Glucose.to root!, 6, 3, 0,
global.branch(1)!, global.cleave(l)!, global.glycogen(1)!)

BNCE Glucose,comm(,UDP Glucose.to root!, .UDP Glucose.to root!, 7, 2, 0,
global.branch(1)!, global.cleave(l)!, global.glycogen(1)!)

Owme QO lef
Ouwd O Branch Paint
O Reot () Disbled Branched

(in the current implementation send/receive pair is selected in a “top-of-the-queue” fashion
which is not really random)

Pisa, July 21, 2006 12



Tool: SPIM
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An improved performance stochastic simulator.

Processes as parallel composition of sums:

2.m.P | Q

r

) Q=PAP-——SPAP=0Q" = Q— (@
2) P—P = vaP — vaP
) PP 5 PlQ S PQ

IJ | Q{ﬂ.fm}

(
(
(
(

4) (x(n).P+ )| (x(m).Q + X'
Definition 2.2 Reduction in SPi

Stochastic fate constant

X = ¢ ¥ Act,(A) = (Iny(A] % Out,(A)) — Mix,(A)
u X

Phillips et al.A Correct Abstract Machine for the stochastic m calculus.2004
Pisa, July 21, 2006 http://research.microsoft.com/~aphillip/spim/ 13




Example: BioSp1 - SPIM
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e T

—

B QR

''''

xxxxx Py

L - LT R s

Example of regulatlon of a gene expression by positive feedback A protein A can

bind with a protein TF by sending private names unbind, send,remove. Now A can

send a protein tail to TF. Once unbound from A TF increase the promotion of

DNA_A or DNA_TF, which are then transcribed into RNA_A or RNA_TF, which

in turn can be translated into A or TF.

E G
g e
L,
[u
.E. S
s e
=
2 40
E J'
(1 0 '

0 10 20 0 o 50 K

Time [=]
SPIM

Pisa, July 21, 2006
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BioSpi 1.0
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Continuous Time Markov Chain 1/2

1 (analys1s of the steady states) S
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two models centered on: reagents — pathway.

reagents: levels (high-low) of proteins

pathway: cascade of reactions (more compact formal definition)

The two transition systems are (timing aware) bisimilar!

“we believe that any pathway has reagent/pathway-centric models bisimilar’”

Stochastic rates of reactions are taken from the mathematical model:
Cho et al. Mathematical modeling of the influence of RFIP on the ERK Signalingpathway,
2003.

Hillston et al. Modelling the influence of RKIP on the ERK signalling
pathway using the stochastic process algebra PEPA, 2004.

15
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Continuous Time Markov Chain 2/2
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An attempt to establish two levels of abstraction:

Raf-1} = (klreact, k1).Raf-11, + (k12react, k12).Raf-17, reagent_centric
Raf-1; = (kbproduct, ks) Raf-1¢; + (k2react, ko) Raf-15
+ (k13react, k13).Raf-155 + (k14product, ki1a).Raf-1f

~ Pathway = (k9react, ko). Pathway,
pathway_centnc Pathway |, = (k11product, ki1).Pathway,, + (k10react, kio).Pathway

0.18
Computation of the steady .
0.14-

state by standard techniques :
Throughput of kl4product  0.124

(PEPA Workbench) -
0.08 -
0.06
2 4 6 8 10
Result: throughput (rate x probability) kI

Pisa, July 21, 2006
Fig. 8. Plotting the effect of k1 on kl4product
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Stochastic approaches
* Simulation
* Steady state analysis

Process algebras and ODEs
Level of abstractions and process algebras
Logical approaches
— Probabilistic model checking
— Model checking and learning rules
— Pathway Logic
Static approaches
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From Process Algebras to ODEs (automatlcally)

W 0 N T Y T W N
Number of molecules

et
-

|
'~-
o

PEPA model Apg = (klreact, k1).Ar + (kbreact, k5). AL

)- ..

- !

Ap = (k2react, k2). Ay + (kdreact, k4). Ay must be finite!
).
).

A/ Xy = (K2react, k2).A/ X + (k3react, k3).A/X |,
A/Xp = (klreact,k1).A/ X g

Activity matrix =zl ool o|E=
(stochiometric matrix) S | E|S|&|lE| 2|25 °
— — — — — — — 2
. A — 1|41 O |[+1(—1| O | #rreq
(Standard technique) X (11| 0 [0 [0 [+1]m-
AN +1[—1|—1] O L) 0| s
¥ ) O |+1(—1|+1] O |9y
¥ ) 0 |+1( 0O 0| —1f s
ODEs
dim (t)
= —Eklmy (t)ma(t) + k2msg(t) + kdmy(t) — kbmq(t)
dt
Tma(t
””;';I: ) = —klmy(f)ma(t) + E2ms(t) + E6ms (1)
dt

Hillston et al. Automatically deriving ODEs from process algebra models of

) ] li h , 2005.
Pisa, July 21, 2006 signalling pathway, 2005 I8




From tr-calculus to ODEs
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Chemical Parametric form

(CPF) -subset 1r-calculus

U

Chemical ground form

(CGF)

g

Chemistry

gt

ODEs

LV N A N R -

R e e e e

X=1".P...

(X = ?n(r).P +...),(Y = !n(r)_Q+ o))
(X = ?n(r)P +..= !n(r)Q +...)

(X, LX)

X -->'P

X+Y ->P+Q)
X, +X, -->"P+Q)
X +..+X

[A]*= -k1[A][B] - K2[A][C]

[A]e = the derivative of number of molecules as

Pisa, July 21, 2006

a function in time

Cardelli.From processes to ODEs by chemistry, 2006
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PEPA VS n—calculus

—.

L

PEPA cannot handles Lotka Volterra model

(HIH) 4 7 0 vi:C 0
C=70+!c (ratec) v2:H _ H+H

/ v3: H+ C pC+C

—= - — Pt - = Fo s

v

Generation of unbound number

of molecules of the same type

Unbound 7r-calculus process to ODEs

Pisa, July 21, 2006 20
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Utility of the transla

WS A A S -

tion PAs - ODEs

- [H__-'l = - l:-\__-'l e - I:H_.-'l e — l:-..-" e I__ — p— -3 ;:-__-F'I I'H-__-:- '::-. .-:' :\:-__-,.:'

-

L

* Validate P.A. models
* Gain compositionality

®* The discrete model and the network structure are
lost during translation

* To do: extend the calculus with restriction

Pisa, July 21, 2006 21



Levels of abstractions

Py
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* Biochemical level: entities --> molecules ; interactions -->
association between complementary domains (inactive;active-

free;active-bound);

* Compartment level: entities --> membranes ; interactions -->

motion of components (endocytosis; €xocytosis; mitosis; meiosis);

* Metabolism level: entities --> molecules ; interactions -->
modifications of molecular components (looking up at molecular

modifications at a more abstract view);

éPrandi et al. Process calculi in a biological context, 2005.

Pisa, July 21, 2006 22




Levels of abstractions (?)
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®* Biochemical level: mr-calculus, PEPA, k-calculus
* Compartment level: 1r-calculus, Bioambients, Brane-calculi

* Metabolic level: mr-calculus (VICE: a virtual cell), PEPA (previous example),
Petri-nets

Nagasaki et al. Bio-calculus:its concept and
molecular interaction. 2002
...we decided that each biological phenomenon is defined with the unique expression similar to that of
biology... Then we found that is almost impossible to define such a model for at least two reasons.

Firstly, almost all phenomena are far from being completely understood...Secondly, there exists a
huge number of parameters....

Pisa, July 21, 2006 23



Compositional approach for Gene Networks 1/2
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Gene regulatory network VAR
a b l[a‘: Transcription
Gene with positive feedback: RNA
j K l{b] Past-transcriptialﬂ
\-—-\—'/—-_//Aludaar

Membrane

POS(a,b)=?a.7,.(TR(b) | POS(b)) + T .(TR(b) | POS(a,b)) | meewons 5y l*”': e
o e,
(c) Translation I

%, Polypeptide

(d) Post-translation -f

Gene with negative feedback: p @ [oenom

+—— 10 Effactor Maolecula

NEG(a,b)=?a.1 .(NEG(a,b) + 7..(TR(b) | NEG(a,b))

Active Protein

a b .
I Transcriptional factor:
|

TR(b)= 'b.TR(b) +7 .0

Cardelli et al.A Compositional Approach to the Stochastic

Pisa, July 21, 2006 Dynamic of Gene Networks, 2005. 24




Compositional approach for Gene Networks 2/2

[H__ ﬁ' :\:__r' [H___:l ':-_ = _.-' _n" [H_l'l L - [::l" - - L ';::' - — I'H__Fl' '::_:' - _— I'H__Fl' '::_:' - — I"-\__F} '::_:-" - _— I:H__Fl' '::_:-" - _—

Simulation with SPIM

pos(b,a) | neg(a,b) Monostable

b 150 150

100 100
I a I 5 - &l o

50
POos neg 0 \‘——1—'—"‘: [ e e e

0 2000 10000 15000 a &000 10000 15000
neg(b,a) | neg(a,b) Bistable
b 150 150
_ml | 100 7‘%‘@& 100 ngﬂw
ﬂ _ﬂ] ﬁn I
neg neg oI il ') 7

0 3000 10000 15000 d 5000 10000 15000

Pisa, July 21, 2006 25



VICE: mr-calculus at metabolic level

-
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Proved labels for 7r- calculus transition system

7a(x).P | !b(y).(@'

a(x)
D-Glyceraldehyde_3-phosphate Dihydroxyacetone_phospate

mg023(x).B-D-Fructose_1-6bP | !mg023(a)

- -,

BTN W AN W Y I N N O A T I - R

— - — Fo s - — Pt = Fo s

information about locality

mg023
1S an

<ll,?’mg023(x),ll, !mg023(a)>‘
S-D-fructose_1-6bP | O

enzyme

reaction rates are on the base of: “Michaelis-Menten” kinetics.

quantities of the reactants, effects due to the context operators.

Chiarugi et al. VICE: a Virtual Cell, 2004.

Pisa, July 21, 2006 26



VICE: mr-calculus at the metabolic level

—=.
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G-D-Fructose
1,6-biphosphate

l (mg023)
/.
Dihydroxyacetone - (mg431) o D-Glyceraldheyde ‘_(mgf}ﬁﬂ}* 2-deoxyribose
phosphate 3-phosphate 5-phosphate

(mg301)
1,3-Bisphospho

-D-glycerate

Portion of the Glycolysis Pathway

Pisa, July 21, 2006 27



VICE: mr-calculus at the metabolic level

-
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1200 - 012 5
1000 | 0,1 i
|
a00 - opa
B0 | 0,06
a0 H = 004 L
200 H { 0,02 - =1 {
1 i N § ,H,H.mlmlﬂlﬂll—l, . q B ,ﬂ,ﬂ,ﬁ,m,ﬂlﬂlf—l
t 2 4 & 5 % % ® 5 W M i 8 F 8 & B ¥ 8 & ‘9 W
(a) (b)
1 mglll 5 mg300 9 compl. pyr. dehydrogenase
2 mg215 6 mg430 10 mg299
3 mg023 7 mgd07 11 mg357
4 mg031 8 mg216

Pisa, July 21, 2006 28
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Logical approaches
— Probabilistic model checking
— Model checking and learning rules
— Pathway Logic

Static approaches

Pisa, July 21, 2006
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Probabilistic Model Checking (PRISM)
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module A
a : [0..1] init 1;

[bind] a=1 — fri \ (a’=0);

[rel] a=0 — (a'=1);
[ a=1 — (a’=0); stochastic 1r-calculus model !

endmodule

Future work: the comparition with a

Stochastic rates taken
from literature

What is the probability that the protein A is bound to the protein B at time

instant T? (P=r[true U1 ah=1]);
What is the probability that the protein A degrades before binding to the

protein B? (P=p[ab=0 U (a=0Aab=0)]);

Heath et al. Probabilistic model checking of complex biological pathway, 2006

Pisa, July 21, 2006 30



PI'ObabIhStIC Model Checking (PRISM)
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const At T . The ERK pathway, the same
modeled with PEPA — no

comparitions are made.

module RAF1Procass
RAF1: [0..N] init N;
[bind] (RAF1>0) -3 RAF1#R:
endmodul &

(RAF1' = RAF1 - 1);

module REIPProcass
RKIF: [0..N] init N;
[bind] (REIP>0) -X REKIP#R:
endmodul @

RKTF' = RKIP - 1);

\ stochastic rates depend on

number of molecules
In the steady state, the probability of that condition at varing the parameter C

S_(RAF1>C - 1) A (RAFL< C +1)).

The results are compared with a ODE system: continuous behaviour vs. stochastic behaviuor

Pisa, July 21, 2006 31



PI'ObabIhSth Model Checkmg (PRISM)
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©
I

SO 000 QCO OO0
A OO N 0
|

e
|

T . evel

stability of Raf-1* in steady state

Calder et al.Analysis of signalling pathways using the PRISM model checker,2005.

Pisa, July 21, 2006 32



BIOCHAM Model Checkmg and learnmg rules 1/3
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Biochemical Abstract Machine (first, qualitative approach)

Example of syntax

A+ C=C+B catalyzed reaction

A<=>B reversible reaction

A=>_ protein degradation

A~{p} denotes a phosphorylated form of the compund A

A:: nucleus => A::cytoplasm for the trasport of A from nucleus to cytoplasm

Boolean Concentration Population

Fages et al. Machine Learning Biochemical Networks from Temporal Logic Constraints,2005

Pisa, July 21, 2006 33



BIOCHAM semantics 2/ 3
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Boolean semantics

- boolean variables represent the presence or the absence of objects; performance

.. : : : roblems
- non-determinist semantics A + B =>C + D (collects 4 possible reactions) P

- based on a Kripke structure K=(S,R), S set of states, R &S x S;

Concentration semantics

- reaction rules are interpreted by a set of ODE

E={e for S =>S"} dx /dt= 2"_ r(x)*e -2

*
i=l..n Jll(x) e

- the evolution of the system is deterministic, is computed by numerical integration algorithms,
result is a time serie describyng the temporal evolution of the system:;

Population semantics

- rules describe CTMC; at each step N(number of object) and 7. (transition rate) following

[ Gibson et al. Probabilistic Model of a Prokaryotic gene and its regulation, 2000]
Pisa, July 21, 2006 34



BIOCHAM: query language 3/3
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Boolean semantics CTL reachable(P) as EF(P); steady(P) as EG(P); stable(P) as AG(P);
checkpoint(Q,P) as |E(!1Q U P); oscill(P) as ... ; loop(P) as

Concentration semantics LTL deals with numerical quantities
F([A]>10) G([A] + [B] <[CD)

Population semantics PCTL (PLTL is really implemented for efficiency problems)

AC(y Uy') becomes P_ (@p Uy')

applying learning techniques
commands as
learn_one_deletion(reaction_pattern,spec_CTL)

initial model can be modified to satisfy the given formula
it only works for CTL and TLT (for computational

problems)
Pisa, July 21, 2006 35



Pathway 10g1c (Just an example )
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* Based on rewrite logic

D
i
3
f"J
L

Models with different levels of detail

Dynamically generated pathways using search and model-checking

Transformation to Petri nets for analysis and visualization

Example of a rewrite rule:

{CM | cm:Soup {cyto:Soup [Erkl - act] {MM | nm:Soup {nuc:Soup}}}}
=>
{CM | cm:Soup {cyto:Soup {NM | nm:Soup {nuc:Soup [Erkl -

act]}}} .

 System partially specified: Soup is a variable!

e Each variables has a type for being matched with the right components.
e Compartments, membranes, active sites of proteins.

Pisa, July 21, 2006 36



Calculus of looping sequences (rewrite rules)

Fo s - — -, Fo s
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Syntax ::=ale | T TI(DIT|ITI TIT

example of terms: (ab-c) ((c: d- e)--ab)-
Membrane (a‘b-c)

Containment operator (m-... - m)| DNA

Reaction Semantics (an example)
(m-...- m)-| (DNA | X) (m-...-m)~| (DNA IDNA_X) [occ(DNA X) =0]

Barbuti et al.A Calculus of Looping Sequences for Modelling Microbiological

Systems, 2006.
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Unifying different views

Py

L A - e e e el sl T s s hehesh st el shshelshel sl T .

tools Vilar2002_Oscillator

Elowitz2000_Repressilator

BIOCHAM

 Biological models, useful numerical information
e Comparing result with working tools

http://sbml.org/ind%%(.psp
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Some works 1n this direction

L A W T T S S [ A R A R N O G S S GG N A N R S R S R A R -
Rate constant Reaction
kl=1 X -> Empty5Set
kl=1 Y -= EmptySet .
kl=1 Z -= EmptySet loglcal
K = 1 (hill khalf) PX I-> Y extracting data formalism
K =1 (hill khalf) PY |-=Z
K =1 (hill khalf) PZl-=> X >
n = 2.1 (hill nhill} PX I-=Y
n = 2.1 (hill nhill} PY |-=Z from the comimon process
n = 2.1 (hill nhill} PZl-=> X .
{alpha0, alpha} = {0, 250} (hill basalRate) PX I-> Y rePOSltory of algebras
[alpha0, alpha} = [0, 250} (hill basalRate) PY |-> Z SBML mOdels
{ alpha0, alpha} = {0, 250} (hill basalRate) PZ |-=> X
alphal = 0 (hill vimax) PX |-=%
alphal = 0 (hill vimax) PY |-= £
alphal = 0 (hill vimax) PZ |I-= X
beta=5 PX = Empty5et
beta= 5 PY -> EmptySet
beta= 5 PZ -= EmptySet
beta=5 X + EmptySet > FPX + X
beta= 35 Y + EmptySet ->PY + Y
beta= 5 Z 4+ EmptySet = PZ + Z

Dong at al. An implementation for mapping SBML to BioSPI, 2005.
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Modehng, analysing, uerymg

L0 A T W S S S S T A - LW T W e R R D R - L W A
in

model \ silico / results 1 &

T approach technique 1
Setting |formalization results 2 |+

upb abstraction :
approach technique n
| biologycal
experiment in vitro! >~ bio - results
5 In vivo

new data/functional
knowledge
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Statlcal approaches Control Flow Analys1s 1/2

-

Gl G

For Bioambients an over-approximation about:

nesting of ambients I < Ambient x (Ambient U Cap)
relevant name bindings R < Names x Names
judgement
(LR) P

the process P, within ambient *, evolves with respect to (1 ,ﬂ{)
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Statical approaches Control Flow Analy31s (2/2)

Py

—

¥ T T O TR T e TR e O e N N W T W DN W SN W N T W B T T [ [

Context-depending analysis

Focusing on pathway (work in progress)

father-son relationship for
exposed ambient and
capabilities

origin and target configurati
for a transition

Pisa, July 21, 2006

accept cell_1

exit cell_2 Lkl expel cell_3 enter cell_1

exit cell_3

Nielson&Nielson et al. Control Flow Analysis for Bioambients, 2003.
Nielson&Nielson et al. Static Analysis for Systems Biology, 2004
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Statical approaches: Type 1nference 1/3

COLULOLLLOLLOooLLooooeoooicoeoio oo
Three type systems for:
e protein functions
e activation/inhibition effect (in a reaction model)
e Jocation topology

abstract
Interpretation abstract domains
concrete domain D
C
. . kinase / phosphatase:
Galois connections (k : Mol --> {true false}} U

Reaction set: {ph: Mol --> {true,false}}
e for S -> S' ‘P({ A activates Bl A,Be Mol}) U

P{ A inhibits Bl A,Be Mol})

SBML-BIOCHAM

_ topology
conventions

Mol x Mol
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Statlcal approaches: Type 1nference (2/3)

- -

L R W A S R S i e B - - e - L

Abstract interpretation 1s not strictly required
formal framework that allows multiple abstraction levels

For each type system:
e type inference: given x €C, compute x(x)
o type checking: given x €C and a typing y <A, determine x e XY)

Type system for_activation inhibitory influences:
(A + C=C+ B) = {Cinhibits A, A inhibits A, A activates B,
C activates B}

Fages and Soliman.Type Inference in Systems Biology,2006
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Statical approaches: Type 1nference (3/3)

— -— — —. - - = P e
L T T e TR O e N i O Y W N O W N W T W W N T - L T - - [

) M _ RAFPH-RAF~{pl} > 7
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Static approaches

Py —.. =

R e A A b D A R O A R R R R D R R R R T R e W G

e Formalization of biological meaningful properties
 Studying the impact that these properties have at “run-time”
e Reviewing language primitives for catching the very basic

Interactions

Pisa, July 21, 2006
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Conclusions

-

L S A R R U S R o A S - R

-

L

* A lot to find out (Find all genes whose expression is directly or indirectly
affected by a given compound. Show which pathways may be affected when one or more

—.

e W A e O A R

— - — Fo s - — Pt = Fo s

gene/proteins are turned off or missing.)

* Connecting levels of abstractions
* Working on the same models for comparing results

* Connecting methodologies:

— comparing results;

— labelled transition system for inspecting “biologically
relevant” properties;

— testing biological properties (membrane nesting — molecular
neighbourhood).
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